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Abstract
Amongst the many processes that shape the final set of RNA molecules present
in eukaryote cells, splicing emerges as the most prominent mechanism for mes-
sage diversification. In recent years, applications of high throughput sequencing
to RNA, known as RNA sequencing, have opened new avenues for the study
of transcriptome composition, and have enabled further characterisation of such
mechanism. In this thesis, I focus on the application of this technology to the study
of human transcript diversity and its potential impact on the protein repertoire.
In the first results chapter, I explore the extent of transcriptome diversity by asking
whether there is a preference for the production of specific alternative transcripts
within each given gene. I show that while many alternative transcripts can be
detected, the expression of most protein coding genes tends to be dominated by
one single transcript (major transcript). Such findings are validated in the second
chapter, and are further used to explore changes in splicing patterns in a disease
context. By analysing healthy and tumor samples from kidney cancer patients, I
show that most of the detected splicing alterations do not lead to big changes in
the relative abundance of major transcripts, at least in a recurrent manner. In ad-
dition, I introduce a framework to visualise the most extreme changes in splicing
and to evaluate their potential functional impact. In the third chapter, I investi-
gate the role of spliceosome assembly dynamics on the regulation of splice site
choice. I show that depletion of PRPF8, a core spliceosomal component, leads to
the preferential retention of a subset of introns with weaker splice sites, and also
introduces alterations in the rate of co-transcriptional splicing. Finally, in the last
chapter, I explore the validation of changes in alternative transcript abundance at
the protein level, through the integration of results derived from RNA sequencing
datasets with those obtained from proteomics experiments.
Altogether, the findings described in this thesis provide a global picture on the
extent of alternative splicing in the diversification of the transcriptome, expand
current knowledge on the splicing reaction, and open new possibilities for the
integration of transcriptomics and proteomics data.
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Chapter 1
Introduction
When the first human genome sequence was declared completed in 2003, it es-
tablished the order of the billions of letters that contain the instructions for the
survival of each of the cells in our body [International Human Genome Sequenc-
ing Consortium, 2001, 2004; Venter et al., 2001], an exercise that was compared to
reading the book of life1. In fact, the comparison of DNA to a book of instructions
has been widely used as a metaphor to explain the flow of genetic information2,
and far from analogies, it has been recently shown that this molecule is able to
encode for text and even more [Goldman et al., 2013]. Since then, vast efforts have
been devoted to interpreting the content of the human genome sequence, best ex-
emplified by the ENCODE project [ENCODE Project Consortium et al., 2012]. It
has become clear from those that the flow of information is not as simple as it was
initially envisioned [Crick, 1970], and that the book of instructions might actually
look closer to those from the series "Choose Your Own Adventure"3, in which one
text can lead to different outcomes.
Overall, from the interpretation of the genetic information stored in the DNA to
protein synthesis, many regulatory processes contribute to shape the final reper-
toire of molecules present in the cell. In multicellular organisms such as humans,
those processes constitute the intricate basis upon which a large diversity of cell
1http://www.sanger.ac.uk/about/press/2003/030414.html
2http://ed.ted.com/lessons/dna-the-book-of-you-joe-hanson
3http://en.wikipedia.org/wiki/Choose_Your_Own_Adventure
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types and states are derived from the same genetic message. In this context, the
study of transcriptome composition has emerged as a valuable strategy to un-
derstand such diversity, and while the mere existence of an RNA molecule does
not ensure the production of a functional protein product, this type of knowledge
has helped in the identification of links between phenotype and genotype [Vogel
and Marcotte, 2012]. Furthermore, recent technological advances have enabled
the characterisation of RNA samples in a more reproducible and high throughput
fashion than is yet possible for their final products [Wang et al., 2009].
In the present chapter, I provide an overview of the different regulatory processes
that control the identity and abundance of the set of RNAs found in a given cell,
with special emphasis on splicing and its potential for message diversification. In
addition, I introduce key concepts on the use of RNA sequencing for the study of
gene and transcript expression in a high throughput manner.
1.1 A day in the life of an mRNA
Amongst the diversity of identified RNA species, messenger RNAs (mRNAs) are
regarded as those that contain the necessary information for the synthesis of pro-
teins. The half-lives of mRNAs are short compared to those of other molecules
in the cell (e.g. most mammalian mRNAs remain in the cell for approximately 9h,
compared to 46h in the case of proteins [Schwanhausser et al., 2011]). Nonethe-
less, from birth to death, these molecules are controlled by complex regulatory
systems that determine which messages are eventually expressed (Figure 1.1). In
this section, I provide an overview of the key steps behind such control.
1.1.1 Transcription
Transcription is the first phase in determining the set of RNAs expressed in a
given cell [Alberts et al., 2002]. During transcription, stretches of DNA (i.e. genes)
are used as templates for the synthesis of complementary single stranded RNA
molecules (i.e. transcripts). In eukaryote cells, such reaction can be catalysed by
three different enzymes (i.e. RNA polymerases I, II and III), depending on the
type of gene being targeted. RNA polymerase II is commonly regarded as the
most prominent player in the transcription reaction, since it is responsible for
the synthesis of RNAs derived from the majority of genes, including those that
encode for proteins. On the other hand, RNA polymerase I and III are specifically
2
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Figure 1.1| Key steps in the regulation of eukaryotic gene expression. mRNA
expression starts with the nuclear transcription of specific DNA loci which con-
tain the information required for the synthesis of proteins (i.e. genes). Following
several processing steps, some of which occur co-transcriptionally, the transcrip-
tion products are further transformed into mature mRNAs that can then be ex-
ported to the cytosol and localised to sub-cellular compartments. mRNA export
is linked to strict quality control mechanisms, and both unprocessed RNAs and
debris from the previous processes will be degraded previously to this stage.
Once in the cytosol, mRNAs can be recognised by ribosomes and translated into
proteins, and will be eventually degraded.
involved in the transcription of ribosomal RNAs (rRNAs), transfer RNAs (tRNAs)
and several small RNAs [Paule and White, 2000].
Transcription by RNA pol II is a multi-step process that starts with the binding
of several proteins to a regulatory region located upstream of the gene, known as
the promoter [Fuda et al., 2009]. These proteins enable the subsequent assembly
of the polymerase and the formation of the transcription initiation complex, and
given that they participate in the recognition of the majority of promoters, they are
commonly regarded as general transcription factors (TFs). Conversely, more spe-
3
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cific TFs also exist, which are able to modulate the fate of the reaction by binding
to DNA regions that promote or inhibit polymerase assembly (i.e. enhancers and
silencers, respectively), hence contributing to the regulation of expression levels
[Vaquerizas et al., 2009]. Following the assembly steps and further conformational
rearrangements, RNA pol II releases from the large complex of proteins and aban-
dons the promoter region (i.e. promoter clearance), thus entering the elongation
phase [Kwak and Lis, 2013]. However, the transition to this stage is not immediate,
and in most cases the polymerase remains at the promoter generating short trun-
cated transcripts (i.e. abortive initiation). During elongation, RNA is synthesised
from the transcription start site (TSS), and nucleotides are incorporated in a com-
plementary basis in the 5’ to 3’ direction. Eventually, the polymerase transcribes
through the cleavage and polyadenylation signals that mark the end of the gene,
and it is released from the DNA template [Kuehner et al., 2011].
1.1.2 mRNA processing
All mRNA molecules undergo several modifications before they are exported to
the cytosol, which include the addition of a 5’ cap, the polyadenylation of the 3’
end and the removal of introns via splicing [Darnell, 2013].
Shortly after the RNA pol II has entered the elongation phase, a methylated gua-
nine nucleotide is added to its 5’ end through an enzymatic reaction (i.e. cap-
ping). Such cap not only delimits the 5’ end of transcripts, but also enables the
distinction of mRNAs from other RNA species (e.g. RNA pol I and III produce
uncapped RNAs). Furthermore, it protects the RNA molecule from degradation,
and aids in the initiation of translation by enabling the binding of ribosomes to
the mRNA. Similarly, the 3’ end of mRNAs is also modified through the addition
of a polyAdenosine (polyA) tail, which is typically 200-250 nucleotides long in
mammalian cells. Polyadenylation serves the function of extending the mRNA
half-life, and given that it is a modification shared by all mRNA molecules, it is
commonly exploited for their study (i.e. one of the most common RNA extraction
protocols in use relies on the specific selection of polyA-tailed RNA species).
Splicing, however, is a much more complex reaction. During this process, some
regions of the pre-mRNA are lost (i.e. introns), and the stretches of sequence that
contain the necessary information for protein synthesis (i.e. exons) are brought
together, as detailed later on in this chapter. As a result, a mature mRNA product
is obtained.
4
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1.1.3 The cytosolic life of mRNAs
Once a mature mRNA molecule is obtained, it undergoes selective export through
the nuclear pore. mRNA export is linked to strict quality control mechanisms
that ensure that immature RNAs remain in the nucleus [Porrua and Libri, 2013].
Those mechanisms rely on the recognition of protein complexes that accompany
the RNA molecules (i.e. RNA binding proteins; RBPs), which act as markers on
the completion status of the processing steps mentioned in the previous section.
For example, the cap-binding and polyA binding-complexes serve as indicators of
successful capping and polyadenylation reactions, respectively, and other protein
complexes mark the end of the splicing in a similar fashion (i.e. the exon-junction
complex - EJC; see next section). Conversely, the presence of RBPs involved in the
execution of each of these steps marks the mRNA molecule as immature, hence
preventing its export.
Unprocessed mRNAs, together with the remainders from the transcription and
splicing reactions, will be eventually degraded by the exosome, a large complex
of RNA exonucleases [Pérez-Ortín et al., 2013]. In the cases when they are erro-
neously exported, or when intact mRNAs become damaged in the cytosol, further
quality control mechanisms prevent their translation. Most of these are intrinsic
to the steps required for the initiation of protein synthesis, as is the case for the
recognition of the 5’ cap and polyA tail by the translation initiation machinery.
However, a separate surveillance system also exists, which actively seeks aberrant
mRNAs for degradation, before efficient translation occurs. This system is referred
to as nonsense-mediated decay (NMD) and specifically targets the presence of pre-
mature stop codons in the transcript, which might arise from errors in the splicing
reaction [Pérez-Ortín et al., 2013]. During NMD, a first round of translation starts
as soon as the 5’ end of the mRNA emerges from the nuclear pore, during which
the exon-junction complexes that surround each splice-site are detached from the
mRNA. Under the presence of nonsense codons, the mRNA remains bounded to
such complexes and is rapidly degraded.
Following export, mRNAs are then localised within the cytosol according to the
signals encoded in their 3’ UTR regions, and are eventually recognised by ribo-
somes and translated [Alberts et al., 2002]. Such binding of ribosomes to the mR-
NAs is in direct competition with mRNA decay, a process that starts as soon as
transcripts are exported into the cytosol and which consists of the gradual short-
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ening of the polyA tail. Once the polyA tail reaches a critical length, mRNAs are
ultimately degraded, either through the continuation of the digestion from the 3’
end or through the removal of the 5’ cap (i.e. decapping) and subsequent 5’ to
3’ decay [Schoenberg and Maquat, 2012]. Alternatively, cytosolic polyadenylation
can also occur, thus having a positive impact on the mRNA half life [Villalba et al.,
2011]. Altogether, this evidences a critical role for both the 5’ and 3’ UTRs in
regulating mRNA stability and translation efficiency.
1.2 The splicing reaction
Splicing was first discovered in 1977 by Phillip Sharp and Richard J. Roberts, who
independently observed that genes could be encoded across split segments in the
DNA. In their experiments, they hybridised adenoviral mRNAs with complemen-
tary single stranded DNA fragments, and following observation with electron
microscopy (EM), they detected alternate double stranded and single stranded
stretches in the resulting hybrid. They concluded that certain regions of the mRNA
are removed during its maturation (i.e. the introns), hence bringing together sep-
arate parts of the RNA [Berget et al., 1977; Chow et al., 1977]. This observation
was soon extended to all domains of life, even though splicing is most prevalent
in eukaryotes (although some instances of splicing have been detected in prokary-
otes, they lack the major pathway through which this process is achieved) [Alberts
et al., 2002]. Both Sharp and Roberts were awarded a Nobel Prize in 1993 for their
contribution.
In the next section, I describe further details regarding this RNA processing step,
with emphasis on the key players and steps required for its completion. I also
discuss the potential of this process for the diversification of the message encoded
in the DNA, and outline the elements that contribute to its regulation.
1.2.1 Key players in mRNA splicing
In eukaryotes, splicing is most commonly carried out through the spliceosomal
pathway, whereby a large complex of proteins and RNAs orchestrates the process
of intron removal. Such complex is known as the spliceosome, and has been cate-
gorised as one of the most complicated machineries in the cell [Nilsen, 2003]. Two
different types of spliceosomes have been identified (i.e. the major and minor),
which differ in their components and the properties of the introns that they tar-
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get. Specifically, the major spliceosome is involved in >99% of the splicing events,
and is responsible for the removal of introns that harbour consensus splice site
sequences (i.e. canonical splicing; Figure 1.2a) [Matera and Wang, 2014]. By con-
trast, a small set of introns display sequences that differ from the consensus ones,
and are targeted instead by the minor spliceosome (i.e. non-canonical splicing)
[Turunen et al., 2013].
In addition to spliceosomal introns, a separate class of introns that undergo splic-
ing in a protein-independent fashion have also been detected. Such introns, re-
ferred to as self-splicing introns, are able to mediate the splicing reaction through
rearrangements in the RNA structure by acting as ribozymes [Alberts et al., 2002].
While these are rarely detected in eukaryotes, they contribute to the splicing of
some organelle genes and rRNAs, thus providing evidence that splicing is not lim-
ited to mRNAs (i.e. in fact, other non-coding RNAs such as tRNAs, micro-RNAs
and long non-coding RNAs can also undergo such reaction). Their existence is
considered to support the RNAworld hypothesis, which states that self-replicating
RNA constituted the initial building blocks of life [Robertson and Joyce, 2012].
Given the relevant contribution of the major spliceosome in catalysing the removal
of the vast majority of introns, this section will further focus on the process of
canonical splicing.
1.2.2 Splicing by the major spliceosome
The major spliceosome is a highly dynamic complex that undergoes significant
conformational and compositional rearrangements during the several steps of the
splicing reaction [Will and Luhrmann, 2011]. It is composed of five different small
nuclear RNA molecules (snRNAs: U1, U2, U4, U5 and U6), as well as several
hundreds of proteins. Each of these RNA molecules associate with several pro-
teins and form complexes called small nuclear ribonucleoproteins (snRNP). Such
snRNPs form the core of the spliceosome and are directly involved in the recog-
nition of splice sites and branch-point sequences, as well as the catalysis of the
splicing reaction. Indeed, one of the most striking features about the spliceo-
some is that the actual intron removal reaction is catalysed by RNA molecules
rather than proteins [Fica et al., 2013]. More specifically, splicing is the result of
two transesterification reactions, which are based on nucleophilic attacks between
RNA nucleotides (Figure 1.2b) [Will and Luhrmann, 2011]. In the first reaction,
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the 5’ exon is cleaved from the intron through a nucleophilic attack by the 2’ hy-
droxyl group of the A branch-point residue on the phosphate group of the GU
dinucleotide at the 5’ splice site, thus forming a lariat intermediate. Next, the two
exons become ligated via a similar reaction that involves the 3’ hydroxyl group of
the previously released exon and the phosphate group of the last nucleotide of the
3’ end of the intron, thus causing the release of the intron in the form of a lariat.
However, before the actual intron removal can occur, the active catalytic site of
the spliceosome needs to be created, an event that requires many changes in its
composition and conformation (Figure 1.2c) [Matera and Wang, 2014]. The first
step towards the accomplishment of the splicing reaction is splice site recognition.
This task is achieved trough base pairing between the U1 and U2 snRNPS and the
5’ and 3’ splice sites, respectively, and results in the formation of complex E. Sim-
ilarly, the branch-point sequence is also recognised by the U2 snRNP, which even-
tually interacts with the U1 snRNP and forms the pre-spliceosome (complex A),
thus bringing together both splice sites. Further recruitment of a pre-assembled
tri-snRNP formed by the U4, U5 and U6 snRNPs (the U4-U6·U5 tri-snRNP) leads
to the creation of complex B, which then becomes activated as a result of several
conformational and compositional changes. The activated complex B (complex B*)
mediates the first catalytic step in the splicing reaction and leads to the creation of
complex C, which contains the detached exon (exon 1) and the lariat intermediate
(intron - exon 2). Following extra rearrangements, complex C then performs the
second catalytic step and forms a post-spliceosomal complex, which contains the
spliced exons and the lariat. The latter is eventually released, together with the
remaining snRNPs, which are then recycled for the next round of splicing. Impor-
tantly, these steps are followed by the binding of a new complex of proteins to the
newly created exon junction (i.e. the exon junction complex, ECJ), which mark the
successful completion of splicing at that specific location and further contribute in
shaping the fate of the mRNA molecule.
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Figure 1.2| Splicing by the major spliceosome. Adapted from Will and
Luhrmann [2011].
(a) Core splicing signals recognised by the major spliceosome. The spliceosome recog-
nises several core signals in the pre-mRNA: the 5’ and 3’ splice sites, the branch-
point sequence (typically located between 15 and 50 nucleotides upstream of the
3’ intron) and the polypyrimidine tract. Here, R indicates a purine (A or G), Y
represents a pyrimidine (U or C) and N refers to any nucleotide. Introns that
harbour these consensus sequences are referred to as U2-type introns, because
they are recognised by the U2 snRNP.
(b) Steps in the splicing reaction. Splicing is the result of two transesterification re-
actions that involve the nucleotides from the pre-mRNA and snRNA molecules.
(c) Spliceosomal rearrangements during splicing. As transcription proceeds, several
components of the spliceosome are transferred from the polymerase tail to the
nascent pre-mRNA, thus facilitating the process of splice site recognition. Fol-
lowing this step, the spliceosome undergoes several compositional and confor-
mational changes that lead to the formation of the catalytic site, the cleavage of
the intron and the eventual release of the splicing products.
1.2.3 Diversifying the message: alternative splicing and beyond
During the splicing process, particular exons might become excluded from the
final mRNA product, and similarly, some introns might fail to be removed, thus
leading to the formation of alternative mRNA products from a given genomic
locus (Figure 1.3). This process is known as alternative splicing and plays a key
role in the diversification of the message encoded within a gene [Kornblihtt et al.,
2013].
In humans, over 95% of multi-exon genes have been detected to result in more
than one transcript, and such observation has been suggested as an explanation
for the low number of genes compared to other lower eukaryotes (e.g. the human
genome contains only ⇠30% more genes than that of Caenorhabditis elegans) [Pan
et al., 2008; Wang et al., 2008]. Given the potential differences in biological func-
tion between the resulting alternative transcripts, alternative splicing can result in
the generation of proteins with different biological function, structure, localisation
and interaction capabilities [Keren et al., 2010; Nilsen and Graveley, 2010]. In
this context, the detection of splicing products at the protein level confirms the
potential of such process in increasing the protein repertoire [Tress et al., 2008b].
On the other hand, alternative splicing of pre-mRNAs can also contribute to the
regulation of expression levels, through the formation of transcripts that will be
targeted by the nonsense-mediated decay pathway, as well as non-coding mRNA
10
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Figure 1.3| Mechanisms for the formation of alternative transcripts from the
same genomic locus. Differences in the execution of the splicing reaction can
lead to message diversification (a-e). Similarly, the usage of alternative first and
last exons also emerges as a common mechanism for the generation of alternative
transcripts from the same gene (f-g). Adapted from Keren et al. [2010].
products that arise from intron retention events [McGlincy and Smith, 2008; Yap
et al., 2012]. Finally, it has also been suggested that a considerable amount of the
detected alternative splicing products result simply from noisy splicing and have
no function at all [Melamud and Moult, 2009].
The biological significance of alternative splicing becomes evident in light of the
detection of tissue-specific events [Buljan et al., 2012; Ellis et al., 2012; Merkin et al.,
2012; Wang et al., 2008], as well as its relevant role in dynamic processes such as
development [Kalsotra and Cooper, 2011] and cellular differentiation [Trapnell
et al., 2010]. Hence, the annotation and functional characterisation of alternative
mRNA products is an important task. A prominent effort towards that goal is the
GENCODE project, which aims to annotate all evidence-based features in the hu-
man genome [Harrow et al., 2012]. Similarly, several methods have been devised
in order to predict the impact of alternative splicing at the protein level (e.g. AP-
PRIS [Rodriguez et al., 2013], AS-EAST [Shionyu et al., 2012], MAISTAS [Floris
et al., 2011], AltAnalize [Emig et al., 2010]).
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Nonetheless, message diversification does not stop with alternative splicing. For
example, exons from different genes can be combined during the splicing reaction
in a process called trans-splicing [Lasda and Blumenthal, 2011]. Similarly, RNA
editing constitutes a separate mechanism through which the information con-
tained within an mRNA can be altered, via the substitution, insertion or deletion
of specific nucleotides [Maas, 2012]. Finally, post-translational modifications also
contribute in shaping protein diversity. Amongst those, the removal of internal
protein segments (i.e. inteins) emerges as an interesting example, given its analogy
to alternative splicing [Volkmann and Mootz, 2013].
1.2.4 The regulation of splicing
Apart from the core splicing signals, further elements contribute to the definition
of exon-intron boundaries and the regulation of splicing. This is the case for
other cis-regulatory sequences that are typically present in the pre-mRNA
(i.e. splicing regulatory elements, SREs), which can vary in terms of location and
effect (Figure 1.4a) [Matera and Wang, 2014]. In general, SREs contribute to the
recruitment of trans-acting splicing factors (SFs), a set of proteins that can act as
repressors or activators of splicing, typically by influencing spliceosome assembly.
A prominent example of the role of SREs is their contribution to the recognition
of exon-intron boundaries through a process called exon definition (Figure 1.4b)
[De Conti et al., 2013]. Such mode of splice site recognition is especially common
in higher eukaryotes, where intron size exceeds that of exons. This could lead
to splicing errors because of the existence of cryptic splice sites. Hence, a class
of SFs called SR proteins (Serine-Rich proteins) promote the binding of snRNPs
to the splice sites located at both ends of the same exon, by binding to exonic
splicing enhancers (ESE). As a result, a cross-exon recognition complex is formed,
which will eventually lead to intron-spanning interactions through spliceosomal
rearrangements. Conversely, in the case of short introns and in lower eukary-
otes, intron definition emerges as the prevalent mode of splice site recognition
(Figure 1.4b) [De Conti et al., 2013]. In this case, splice sites situated on both ends
of the same intron are directly identified without the help of specific SFs.
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Figure 1.4| The regulation of splicing.
(a) Cis-acting sequences involved in the regulation of intron removal. In addition to
the core splicing signals (i.e. 5’ splice site, branch-point and 3’ splice site), sev-
eral regulatory sequences shape the splicing decision by recruiting trans-acting
splicing factors (SFs). Common SFs include SR proteins and hnRNPs, which
typically promote and inhibit splicing, respectively. However, SRE activity is
highly context dependent: albeit recruiting the same SF, the same sequence can
have opposite roles, depending on whether it is located within exonic or intronic
boundaries. Adapted from Matera and Wang [2014].
(b) Exon vs. intron definition. Intron definition is the prevalent mode of splice site
recognition in lower eukaryotes, which consists of the pairing of the 5’ and 3’
splice site located at each end of the intron. In higher eukaryotes, the longer
intron size could lead to the inclusion of cryptic splice sites, and exon definition
is used instead. In this case, the recognition of the splice sites that surround a
given exon is mediated by SR proteins, which promote the formation of a cross-
exon recognition complex. Next, further spliceosomal rearrangements ensure
intron-spanning interactions. Adapted from Ast [2004].
Together with the competition amongst splice sites and cis-acting SREs based
on their sequence composition, the accessibility to those elements also plays a
key role in alternative splicing regulation. Such accessibility can be influenced
by the pre-mRNA secondary structure, chromatin arrangements and nucleosome
positioning, and can be also dynamically controlled as a result of the coordination
of the transcription and splicing processes [Brown et al., 2012; Plass and Eyras,
2014]. In humans, most of the splicing events occur before transcription termi-
nation, a phenomenon known as co-transcriptional splicing [Tilgner et al., 2012].
This implies that transcription elongation rates can have an impact on splice site
choice: for example, a slow elongation will provide a window of opportunity
for the recognition of weak splice sites, whilst a fast elongation will generally
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promote the recognition of strong splice sites instead [Bentley, 2014]. Finally, the
regulation of splicing decisions is not limited to the role of specific SFs, since
fluctuations in the concentration of core components of the spliceosome are also
known to influence the splicing outcome [Saltzman et al., 2011].
Overall, the above mentioned processes guarantee that splicing occurs in an ac-
curate albeit flexible fashion. The accuracy of splicing is further increased by
the many rearrangements that are required before the actual intron removal reac-
tion can occur, and splicing errors are eliminated by the nonsense-mediated decay
pathway. On the other hand, the accumulation of splice site mutations or the
alteration in the function of spliceosomal components can lead to serious pheno-
typic consequences and, in fact, dysregulation of splicing has been linked to many
diseases, including cancer [Ladomery, 2013; Padgett, 2012; Tazi et al., 2009].
1.3 Studying the transcriptome with RNA sequencing
In the past few years, RNA sequencing (RNA-seq) has become the method of
choice for the study of transcriptome composition [Mortazavi et al., 2008; Wang
et al., 2009]. Compared to microarrays, which constituted the first technology for
the high throughput comparison of expression levels across conditions, RNA-seq
offers a much bigger dynamic range to study gene expression patterns, and en-
ables a much broader set of analyses without the need for intricate experimental
designs [Malone and Oliver, 2011]. For example, besides standard differential
gene expression analysis, popular applications of RNA-seq comprise the identi-
fication of novel transcribed regions, including fusion genes, the deconvolution
of allele specific expression, and, as further explored in this thesis, the possibility
to estimate transcript expression levels and to study differential splicing across
conditions.
Since the introduction of the first sequencing machines in 2005, this technology
has seen the rise and fall of many companies; however, following the acquisition
of Solexa, Illumina’s platforms have consolidated as the most commonly used.
The reason behind such wide adoption of Illumina’s systems is the large volume
of information obtained from a typical sequencing run (i.e. sequencing depth),
which, at a good ratio with the cost, compensates for the lower accuracy compared
to other competitors [Mardis, 2013]. Thus, although microarrays can still be a
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cheaper option to perform routine differential expression analysis at the gene
level, the larger scope of applications and the decrease in the costs of sequencing
(just announced to have reached the target of 1,000$ per human genome by
Illumina while writing this thesis) explain the increasing popularity of RNA-seq.
In this section, I introduce the typical steps required to sequence a transcriptome
with an Illumina platform, since this is the one that has been used to produce all
the datasets analysed here. Moreover, I provide a detailed description of the most
commonly used methods to study the transcriptome composition from RNA-seq
data, with special emphasis on the analysis approaches used within the different
chapters.
1.3.1 A typical sequencing workflow
The first step in transcriptome sequencing is library preparation, and consists of
obtaining the starting material and converting it into a cDNA library that can be
loaded into the sequencing machine (Figure 1.5) [van Dijk et al., 2014]. Following
RNA extraction, the RNA species of interest are typically enriched through
either polyA selection or ribodepletion. In both cases, the aim is to diminish
the concentration of rRNAs, i.e. the most abundant species of RNA in the cell.
With the first method, this is achieved through the use of oligo-dT beads, which
enable the specific extraction of polyAdenylated RNAs, hence ensuring a good
representation of mRNAs (Figure 1.5 - step 1). Conversely, ribodepletion relies
on the use of ribonucleases to specifically digest rRNAs, and has the advantage
of not restricting the analyses to a specific type of RNA. Indeed, the term total
RNA is typically used to refer to datasets produced with such protocol, while
those obtained with the former method are commonly known as polyA-selected.
Due to the simpler protocol and its lower price, polyA selection emerges as
the most popular choice amongst the currently available RNA-seq datasets,
with the notable exception of those studies aimed at characterising non-coding
RNA species, which typically lack a polyA tail. The extracted RNA is then
fragmented via hydrolysis with divalent cations and retro-transcribed into double
stranded cDNA by using random hexamer primers, since the sequence of the
obtained fragments is not known at this point (Figure 1.5 - step 2). These steps
are followed by the ligation of adapter sequences at both ends of each cDNA
fragment (Figure 1.5 - step 3). Such adapters satisfy two different purposes: on
the one hand, they enable the hybridisation of those fragments into the flow cell,
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where the sequencing takes place; on the other hand, they serve as primers for
the sequencing reaction. Then, the resulting cDNA fragments are size-selected
through gel electrophoresis to fit within the range required by the sequencing
machine (typically 300-500 bp). Fragments outside this range will be missed;
hence the existence of alternative protocols for the study of small RNAs [Zhuang
et al., 2012]. Finally, the cDNA library is amplified by PCR.
AAAAA
polyA selection1
Fragmentation
Random hexamer priming
First and second strand synthesis
2
Adapter ligation
Size selection
PCR amplification
3
Hybridisation
Bridge amplification4
Sequencing5
A1 SP1
A2SP2
A T G
...
A
Figure 1.5| Overview of library preparation and sequencing steps in an Illu-
mina platform. A typical paired-end workflow is illustrated here, which consists
of ligating different adaptors at each end of the initial cDNA molecule. This en-
ables sequencing each cDNA fragment from both ends, in two separate reactions,
and has further advantages for the downstream bioinformatic analyses compared
to single-end approaches. Adapted from Mardis [2013].
Once the library preparation procedure has finished, samples can be loaded
into a flow cell for sequencing [Mardis, 2013]. Such flow cell is saturated with
adapters that are complementary to the ones ligated at both ends of the cDNA
fragments, consequently promoting the hybridisation of the denatured double
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strand molecules. After this step, the starting material needs to be amplified once
again in order to increase the signal for the sequencing reaction, this time through
bridge amplification (Figure 1.5 - step 4). Such process consists of the synthesis
of fragments that are complementary to the hybridised cDNA molecules, which
will in turn bend and hybridise with adjacent adapters, thus enabling subsequent
rounds of synthesis. As a result, a large number of clusters with identical
sequences will be formed, now ready to undergo sequencing. Illumina platforms
rely on sequencing by synthesis to read the base pair composition of each cDNA
cluster (Figure 1.5 - step 5) [Bentley et al., 2008]. This reaction is based on the use
of modified versions of the four bases, which differ from the standard nucleotides
in the fact that they incorporate a reversible terminator, as well as a fluorescent
dye. Hence, during each sequencing cycle, and following the addition of the
necessary reagents, elongation will be blocked after a successful base incorpora-
tion, the identity of which can be recorded by measuring its fluorescent signal.
Repetition of this process will lead to a set of images, which after interpretation
with a base calling software, will be converted into a set of sequences or reads
[Das and Vikalo, 2013]. Such reads represent the set of molecules expressed in the
initial sample, and their length corresponds to the number of cycles performed
during the sequencing reaction. Eventually, the obtained sequence information,
together with the probability of a wrong base call at each given position of the
read (i.e. Phred score), are stored in a plain text file in FASTQ format [Cock et al.,
2010].
RNA-seq is not such an established technology as microarrays, and in spite
of its many advantages, it still has some challenges. For example, regarding
library preparation, it is known that the random hexamer priming step is not as
random as initially proposed, since certain fragments have been observed to be
preferentially converted to cDNA due to sequence composition [Hansen et al.,
2010]. In the same category of sequence-dependent biases, the PCR amplification
step has also been described to lead to differential amplification of fragments with
higher or lower GC content [Benjamini and Speed, 2012], and it is known that
failure to block the elongation reaction or to remove the fluorescent dye during
the sequencing step can lead to wrong base calls [Metzker, 2010]. In most cases,
the identification of such biases has been accompanied by the introduction of
alternative protocols or analysis methods to overcome them. For example, several
algorithms now try to take into account potential biases derived from the random
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hexamer amplification step (e.g. Cufflinks [Trapnell et al., 2010], MMSEQ [Turro
et al., 2011]). Alternative library preparation methods have also been proposed
to account for PCR bias, whereby random barcodes (i.e. molecular identifiers)
are used to quantify the absolute number of molecules [Shiroguchi et al., 2012].
Finally, some downstream analysis algorithms also incorporate information on
the probability of a wrong base call at a given position of the read, as reported by
the Phred score (e.g. Kim et al. [2013]).
On the other hand, alternative library preparation strategies can also add further
information to the experiment. This is the case of strand-specific protocols, which
are able to provide information on the strand from which each read originates
[Levin et al., 2010]. Similarly, multiplexing emerges as a widely used approach
to optimise the amount of data that can be obtained from each sequencing run,
by enabling pooling of several samples into a single lane of the flow cell through
the use of sequence identifiers (i.e. sample-specific barcodes) [Wong et al., 2013b].
Lastly, a very common strategy to overcome limitations on the read length and try
to span larger regions consists of sequencing each cDNA fragment from both ends
(i.e. paired-end sequencing, as opposed to the single-end strategy), which can be
achieved through the use of modified adapters (Figure 1.5 - step 3) [Mardis, 2013].
1.3.2 Read mapping strategies
The next step in a typical RNA-seq analysis pipeline consists of identifying, for
each read, the genomic region from which it has originated. In RNA-seq, this
task is equivalent to discovering the loci that are expressed in a given sample. In
general, two different strategies exist to perform this task: on the one hand, reads
can be aligned to the reference genome or transcriptome, provided that such
information is available for the species of interest; on the other hand, they can be
directly assembled into contigs (i.e. contiguously expressed regions) with the aim
of reconstructing the set of expressed transcripts. The first strategy constitutes a
much simpler approach, and it is typically the method of choice when working
with model organisms.
Independently of the strategy used, read mapping is typically the most time con-
suming step of the analysis workflow, and the available tools make use of heuristic
parameters such as the maximum number of allowed mismatches per read in or-
der to speed up this task. Such processing can lead to information loss given a
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decrease of quality at the 3’ end of the read, which emerges as a common profile
when working with Illumina platforms due to the increased difficulty in inter-
preting the fluorescent signal as sequencing cycles accumulate [Minoche et al.,
2011]. Thus, in order to avoid such reads being discarded, it is often useful to
first perform a quality control and pre-filtering step, whereby read sequences can
be shortened (i.e. trimmed) in terms of their quality (e.g. Andrews [2010]). Simi-
larly, reads with overall low quality can be also removed, in order to speed up the
subsequent mapping process.
1.3.2.1 Alignment to the genome or transcriptome
A commonly used approach in the cases where a reference genome is available,
is to align the reads directly to that sequence. Similarly, reads can be aligned
to the transcriptome instead, provided that a good annotation exists. The main
advantage of using this second strategy is that the alignment task is simplified
due to the lack of intronic sequences; but this comes at the price of limiting the
number of downstream analysis that can be performed (e.g. alignment to the
transcriptome is not compatible with the identification of novel expressed regions
nor the study of intronic expression levels). Thus, a good compromise is the use
of hybrid approaches, as implemented in TopHat [Kim et al., 2013].
TopHat is a read mapping tool specially intended for RNA-seq data, since it en-
ables alignment of the reads to the genome while taking into consideration the
existence of splice junctions (Figure 1.6). It is based on Bowtie [Langmead and
Salzberg, 2012], an independent algorithm for the alignment of short reads, and
its main strength is the ability to detect exon-exon junctions without the need for
any a priori knowledge on the annotation. However, the search can be simplified by
providing such information, and in that case TopHat will first attempt to map the
reads to the derived transcriptome. Those that fail to align will be subsequently
queried against the genome (Figure 1.6 - step 1). Alternatively, reads can also be
mapped to the genome directly (Figure 1.6 - step 2). In both cases, the goal is to
assemble the initially aligned reads into exons, which might eventually become
connected through spliced alignment (Figure 1.6 - step 2). Reads that fail to align
in this initial phase, as well as those that map with low alignment scores, are sub-
sequently used to build a database of possible splice junctions, by splitting them
into smaller segments and re-aligning those independently (Figure 1.6 - step 3). In
this context, a splice junction is reported whenever a read appears to span multi-
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ple exons, i.e. in the cases in which an internal segment fails to align, or when two
consecutive segments from the same read do not align contiguously on a given
genomic locus. Next, the identified splice sites and their flanking sequences are
concatenated into a novel transcriptome, which is then used to re-align the set
of unmapped reads (Figure 1.6 - step 4). In the case of paired-end data, each
read is processed separately, and the alignments obtained are evaluated in a final
phase by taking into account additional sources of information such as fragment
length and orientation of the reads. Finally, all the information gathered during
the mapping process is reported in SAM/BAM format [Li et al., 2009].
Mapping to the transcriptome
(optional)1
unmapped
reads
+
+
identified exons
x
identified splice junction
Mapping to the genome
Exon definition2
Splice site identification3
Split read mapping4
Figure 1.6| Overview of the mapping algorithm implemented in TopHat. In
the presence of an annotation file, TopHat uses a hybrid approach to uncover the
genomic loci from which the detected reads could have originated. Alternatively,
TopHat can directly align the reads to a reference genome. In both cases, the
first step consists of identifying a set of expressed exons, and this is followed by
the detection of splice junctions by using information from those reads that span
multiple exons. Adapted from Kim et al. [2013].
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1.3.2.2 De novo assembly
De novo assembly emerges as an advantageous strategy in the cases where the
species of interest lacks a reference genome. Additionally, it can be used in sit-
uations where the genome composition of a given sample is expected to differ
largely from that of the reference assembly (e.g. cancer samples). The goal here
is to assemble the reads into sets of expressed regions (i.e. contigs), by relying
on their overlap. Nonetheless, the short read length adds to the non-triviality of
the task, and even though the use of paired-end data can simplify this process,
lowly expressed regions are often difficult to solve. In terms of available software,
Trinity [Grabherr et al., 2011] emerges as the most popular tool to perform this
task; however, such methods are not used in this thesis and are covered elsewhere
[Martin and Wang, 2011].
1.3.3 The estimation of expression levels
Once the reads have been assigned to a specific location in the genome or tran-
scriptome, the next step in the RNA-seq analysis pipeline consists of estimating
expression levels for the features of interest, typically genes and transcripts. Sim-
ilarly to the scenarios encountered during the mapping step, the quantification
of expression levels can be achieved by relying on existing information, but it can
also be performed independently from any annotation, thus enabling de novo iden-
tification of transcribed regions (i.e. novel genes or unnanotated transcripts within
known gene loci).
1.3.3.1 Gene expression levels
When working at the gene level, and provided a complete annotation exists, abun-
dance estimation can be easily achieved by counting how many reads overlap each
given locus (Figure 1.7a). Such count-based approach constitutes the starting point
for many downstream analysis algorithms (e.g. DESeq2 [Love et al., 2014], DEXSeq
[Anders et al., 2012]), and can be easily performed with the popular tool htseq-
count [Anders et al., 2014]. However, despite this apparent simplicity, there are
some challenges that need to be considered. First, in order not to over-estimate
expression levels, reads that map to multiple locations in the genome, and which
arise from repetitive or duplicated loci, need to be handled with care. In this
situation, htseq-count adopts the most conservative approach and discards them,
but other alternative strategies have been proposed in order to attempt to keep
21
Chapter 1. Introduction
the information from such multi-mapping reads. Generally, these consist of uni-
formly distributing them to all the mapped positions (e.g. Trapnell et al. [2010]), or
probabilistically assigning them depending on the coverage at each mapping lo-
cus (e.g. Trapnell et al. [2010]; Turro et al. [2011]; first proposed by Mortazavi et al.
[2008]). Second, special attention is required in the case of overlapping features.
htseq-count offers several execution modes to deal with this scenario, even though
in some cases reads remain ambiguously assigned (Figure 1.7b). Finally, despite
not being intended for de novo quantification, htseq-count also gives the user some
flexibility on how strictly the provided feature coordinates should be taken into
account (Figure 1.7b).
c1 = 7 c2 = 6 c3 = 4
gene A gene B
union
A
A
A
ambiguous
ambiguous
intersection
nonempty
A
A
A
ambiguous
A
intersection
strict
no feature
no feature
A
ambiguous
A
(a)
(b)
Figure 1.7| Overview of htseq-count.
(a) Illustration of the read counting concept. Expression estimation with htseq-count
consists of counting the reads that overlap with the features of interest. In this
example, any reads that fall outside the grey areas will not be considered.
(b) The three different execution modes available in htseq-count. htseq-count provides
different counting modes to rescue reads that do not strictly overlap with the
provided coordinates. These modes differ in how strictly the annotation is taken
into account and in the behaviour adopted in the case of overlapping features.
Adapted from Anders et al. [2014].
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Alternatively, gene expression can be calculated after estimation of transcript
expression levels, by aggregating the corresponding individual transcript abun-
dances, as implemented for example in Cufflinks [Trapnell et al., 2010] and MM-
SEQ [Turro et al., 2011].
1.3.3.2 Transcript expression levels
On the other hand, the task of estimating expression levels becomes far more
complicated when focusing on individual transcripts, since many reads will over-
lap with exons that are shared across multiple isoforms of the same gene. In this
scenario, the question translates into attributing reads to specific transcripts, and
further inference approaches are needed. The available algorithms typically rely
on different sources of information in order to probabilistically estimate transcript
expression levels, the most valuable one being those reads that map uniquely
to one of the annotated transcripts within the loci. Moreover, reads that span
two different exons (i.e. split reads) become especially informative. For example,
splice junctions that involve cassette exons tend to provide unambiguous support
for their inclusion or skipping. This is where paired-end information becomes
most relevant: sequencing both ends of the initial cDNA fragment facilitates
covering larger genomic regions, thus increasing the probability that a given read
pair is mapped across different exons (i.e. spliced reads). Similarly, information
on the fragment length distribution can also be used to deconvolute ambiguous
assignments, by attributing a lower likelihood to those that would require extreme
distances between the paired reads.
One of the most popular tools to estimate transcript expression levels is MISO
[Katz et al., 2010], which formulates this task as a Bayesian inference problem
[Beaumont and Rannala, 2004], whereby the goal is to find a probability distribu-
tion (the posterior) over transcript abundances (Y) given the observed RNA-seq
data (Figure 1.8). Such distribution can be computed in terms of two quantities:
the expectation about the value of Y before observation of the reads (the prior,
set by MISO as a uniform distribution), and the probability of observing the data
given a fixed value of Y (likelihood of the reads). Thus, following sampling across
the space of Y values, all possible assignments of every read to each isoform are
probabilistically evaluated, and this information is subsequently used to refine the
search of the optimal set of Y values that best explain the observed data. Finally,
an estimate of transcript abundances is obtained by calculating the mean over the
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computed posterior distributions, and confidence intervals are also calculated as
a measure of the certainty of the estimate.
Similar approaches are taken by other alternative methods, including Cufflinks
[Trapnell et al., 2010] and MMSEQ [Turro et al., 2011], both of which are also
used in this thesis. The main difference among the mentioned methods relies
on the implementation of the inference approach, as well as the type of input
required. Similarly to MISO, Cufflinks requires the reads to be mapped to a ref-
erence genome, but relies on a frequentist approach to find the expression levels
that best explain the observed data, which does not allow quantification of the un-
certainty around the obtained expression estimates. On the other hand, MMSEQ
adopts a Bayesian model similar to the one of MISO, but requires mapping to the
transcriptome, which limits the scope of the downstream analysis that can be per-
formed. Furthermore, both MMSEQ and Cufflinks accommodate known sequence
biases in their models, and are also able to retain information from reads that map
to multiple genes.
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Figure 1.8| Overview of the analysis workflow implemented in MISO for the
estimation of transcript abundances. After alignment to the genome, MISO
evaluates the compatibility of each read with all the transcripts annotated within
a given gene. For example, in the scenario depicted here both read 2 (R2) and
read N (RN) can only be detected if transcript A (TA) is expressed, whilst read
3 (R3) uniquely supports transcript B (TB). Inference of expression levels is then
done by calculating a probability distribution (the posterior) over such expression
(Y) given the reads. Following Bayes’ rule, this distribution can be obtained
from the product of two terms: the likelihood of obtaining the observed set of
reads given a fixed value of Y and the expectation on the value of Y before
observation of the data (the prior). Hence, the inference problem translates into
sampling from the space of Y values and evaluating all possible assignments
of each read to each transcript. For example, given the larger number of reads
that support the expression of transcript A in comparison to transcript B, higher
expression of the latter will be probabilistically penalised, and this will contribute
to the preferential assignment of ambiguous reads to the former. Fragment length
information can also be used to deconvolute ambiguous assignments, as it is the
case for read 4 (R4): assigning such read to transcript B would imply an unusual
distance between the paired reads, hence increasing the likelihood that it can be
explained by transcript A. Finally, the overall probability of observing the reads
given the evaluated Y value is obtained by combining the information from all
reads, and this information is further used to calculate the posterior distribution.
Adapted from Wang et al. [2010].
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1.3.3.3 De novo transcript identification
One of the main advantages of RNA-seq over microarrays is the possibility to
gather information on novel expressed loci in a more high throughput manner. In
this context, Cufflinks [Trapnell et al., 2010] emerges as one of the most popular
tools to achieve this task, thus complementing its aforementioned quantification
capabilities (Figure 1.9). By relying on the output provided by TopHat [Kim et al.,
2013], the Cufflinks assembler first identifies the expressed loci (i.e. genes) present
in a given sample. Then, for each of them, it evaluates the observed data in
search of a set of incompatible reads, i.e. reads which have necessarily originated
from different transcripts. This step is followed by the construction of an overlap
graph, whereby each read represents a node and each edge is used to connect
compatible reads. Finally, Cufflinks tries to identify the minimum set of paths
(i.e. transcripts) that explain such graph.
assembled transcripts
overlap graph
Figure 1.9| Overview of the de novo transcript identification algorithm imple-
mented in Cufflinks. Three different incompatible sets of fragments exist in the
example depicted here (i.e. yellow, blue, red). Black reads represent those that
are compatible with any of the sets. Following the construction of an overlap
graph that indicates the possible connections amongst the observed fragments,
Cufflinks assembles the data into the minimum set of paths required to explain
such graph. The identified transcripts can then be used for subsequent down-
stream analyses, including estimation of transcript expression levels. Adapted
from Trapnell et al. [2010].
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Alternatively, Cufflinks can also be used in conjunction with the existing anno-
tation (i.e. annotation based transcript assembly). In this scenario, the annotated
transcripts are used to generate artificial data points that are combined with the
observed data during the assembly process, hence serving as a guide. Following
transcript assembly, the novelty of the obtained transcripts is evaluated by
comparing them to the annotation, and those that differ are reported as novel.
Overall, and similarly to de novo read assembly, the task of transcript assembly is
not a trivial one, although it becomes simplified by the existence of mappings to
the genome. Similarly to the situation encountered in the former scenario, lowly
expressed regions are difficult to analyse, given that in those cases the algorithm is
less likely to find a unique solution for the constructed graph. Finally, alternative
start and end sites also become difficult to characterise, since all the paths are
extended to the maximum.
1.3.4 Read count normalisation
Independently of the quantification approach followed, the result from such step
is going to be an estimate on the number of reads that can be attributed to a
certain feature, further referred to as counts. These counts will be proportional
to the expression levels of the feature of interest; however, they will also depend
on the length of the feature and the sequencing depth of the experiment (i.e. the
total number of sequenced reads). In addition, further experimental biases have
also been detected to have an impact on the counts detected in certain loci, as it
is the case for the previously mentioned sequence-dependent biases. Altogether,
these observations illustrate the need for normalisation in order to enable the
comparison of read counts across different samples and features.
One of the measures commonly used to report expression levels derived from
RNA-seq data is the Reads/Fragments per Kilobase per Million mapped reads
(RPKMs or FPKMs, in the case of single-end or paired-end data, respectively)
[Mortazavi et al., 2008]:
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µˆij =
kij
Njli
· 109
where:
µˆij = normalised expression for gene i in sample j
kij = observed counts for gene i in sample j
Nj = total number of reads in sample j
(sequencing depth)
li = length for gene i
Given that this measure takes into account both the length of the feature of
interest and the total number of mapped reads in the dataset (i.e. sequencing
depth), it has become established as an intuitive measure of expression levels.
However, this method is based on the assumption that the overall RNA levels are
similar across samples, and hence it might fail to properly estimate the normal-
isation factors in cases where the compared libraries differ in their composition
[Robinson and Oshlack, 2010]. For example, let us imagine two samples that
express a common set of genes at similar levels, and let us consider an extra
small set of highly expressed genes in one of them. Since the sequencing step
can be understood as a sampling process, where it is more likely to detect reads
from genes with high expression levels, the signal from commonly expressed
genes will be lower in the latter sample, provided that both are sequenced
at a similar depth. Hence, using the above mentioned normalisation method
would lead to the interpretation that most genes undergo changes in expression
across conditions; whilst the observed differences could be better explained by
the isolated differential expression of the few non-overlapping genes (Figure 1.10).
The above described scenario evidences the need for more robust normalisation
methods, especially when the goal is to compare across libraries (e.g. in down-
stream analysis such as differential expression/splicing). An example of those
methods is the one provided within the DESeq2 Bioconductor package [Love et al.,
2014]. Such algorithm starts by calculating a geometric mean for each gene in or-
der to capture the variability of the observed measurements across all the libraries
(similar to obtaining a reference sample). Then, these values are used to nor-
malise the initial counts, and finally, the library-specific normalisation factors are
obtained from the median of the calculated ratios:
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sj = median
i: kRi 6=0
kij
kRi
where:
sj = size factor for sample j
kij = observed counts for gene i in sample j
kRi = geometric mean for gene i across
the m samples: (’mv=1 kiv)
1/m
Other tools (e.g. Cufflinks [Trapnell et al., 2010] and MMSEQ [Turro et al., 2011])
enable also the correction of sequence-dependent biases, by attributing a weight to
each position in the expressed loci based on its sequence context. The calculated
weights are then used during the abundance inference step in order to model the
non-uniform location of reads along the transcripts [Li et al., 2010; Roberts et al.,
2011].
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Figure 1.10| Limitations on the use of RPKMs for differential expression anal-
ysis. In this example, sample A and B express a common set of genes at sim-
ilar levels; however, sample B also contains a highly expressed gene that is not
present in the former. If both samples are sequenced at the same depth, the
observed counts for the common set of genes will be lower in sample B, given
the limited number of reads. In the context of differential expression analysis,
the RPKM normalisation method would lead to the interpretation that all genes
are differentially expressed, since it assumes homogeneity in library composi-
tion. In the scenario represented here such assumption does not hold, and the
observed differences are better explained by the isolated differential expression
of the gene unique to sample B. This highlights the need for more robust nor-
malisation methods when comparison across libraries is attempted.
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1.3.5 Differential expression
One of the most common uses of RNA-seq data is the assessment of differences
in expression levels across conditions. Provided the corresponding counts have
been obtained, such analysis can be performed both at the gene and transcript
levels (differential gene/transcript expression), and one of the most popular tools
to achieve that is the Bioconductor package DESeq2 [Love et al., 2014].
In general terms, DESeq2 relies on the use of Generalised Linear Models (GLMs)
of the Negative Binomial (NB) family in order to address the significance of the
detected changes in expression levels. The implemented analysis workflow first
consists of normalising the observed counts in order to enable their comparison
across libraries (Figure 1.11 - step 1), as covered in the previous section. Next, for
each gene, an estimate on the amount of variability that can be expected on the
measurements from biological replicates is calculated (Figure 1.11 - step 2), and
finally, the differential expression test is performed (Figure 1.11 - step 3).
As with any counting process, one would not expect the detected counts for a
given gene to be exactly the same across all observations from a single condition.
Hence, the underlying question in differential expression analysis is whether the
counts observed across the two evaluated conditions are similar enough to be de-
rived from the same distribution (null hypothesis), or whether they are better ex-
plained by two separate ones (alternative hypothesis). Given the nature of the data
obtained from RNA-seq experiments, the Poisson distribution was first proposed
to model noise intrinsic to the counting process [Marioni et al., 2008]. However,
it was soon shown that while this approach works well for technical replicates, it
underestimates the variability in measurements across biological replicates [An-
ders and Huber, 2010; Robinson et al., 2010]. As a result, the negative binomial
distribution has been widely adopted to account for such over-dispersion:
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kij = NB(µij, s2ij)
µij = sjqij
where:
kij = observed counts for gene i in sample j
µij = distribution mean for gene i in sample j
s2ij = dispersion for gene i in sample j
sj = size factor for sample j
qij = quantity proportional to the concentration
of cDNA fragments for gene i in sample j
The identification of the amount of variation across biological replicates is an
essential step in the aforementioned workflow, since it enables for the evaluation
of the significance of any changes detected. However, because of the low
number of replicates typically available in RNA-seq experiments, such variation
cannot be directly calculated, and needs to be estimated from the data instead.
Following the assumption that genes with similar expression levels have similar
sample-to-sample variance, DESeq2 obtains gene-specific variance estimates by
taking into account not only the observed dispersion for each given gene, but also
that of all other genes. This is achieved by fitting a regression curve to the data
(i.e. average normalised counts vs. observed dispersion), which is subsequently
used to modify the observed dispersion values.
Finally, by further decomposing the mean into a function of independent vari-
ables (i.e. the covariates), it is possible to take all known sources of variation into
account:
log2(µij) =Â
r
xjrbir
where:
µij = mean for gene i in sample j
xjr = independent variable r for sample j
bir = coefficient for gene i and variable r
Altogether, the algorithmic approach behind DESeq2 consists of fitting the model
defined in the aforementioned equations for both the null and alternative hy-
potheses (reduced vs. full model, respectively), followed by the evaluation of the
significance of the coefficient of interest (Figure 1.11).
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Figure 1.11| Overview of the steps required for differential expression analysis
using DESeq2. First, reads are normalised in order to enable comparison across
libraries. Next, for each gene, an estimate of the amount of variability that can be
expected across biological replicates is obtained. Given the typical low number
of biological replicates in RNA-seq experiments, it is not possible to obtain such
information directly from the data. Hence, DESeq2 relies on the observed dis-
persion from all genes instead (black dots), and by fitting a regression curve that
explains the dependence of the dispersion on the mean (red line), further modi-
fies the initial values through a process called shrinkage estimation of variability
(blue dots). Finally, the obtained information is used to test the hypothesis that
the observed counts originate from different distributions (alternative hypothe-
sis). DESeq2 uses the negative binomial distribution to model both stochastic
and biological noise, and it further relies on the use of GLMs to take all known
sources of variation into account. Here, the independent variable xj represents
the experimental condition, and can be arbitrarily set to 0 in the case of controls
and to 1 in the case of treated samples. Under the alternative hypothesis, this
enables the existence of two different distributions that can explain potential dif-
ferences in expression levels of the studied gene i. Conversely, under the null
hypothesis, there is no need for such term, since in this case all counts arise from
the same distribution. Hence, the general idea behind the differential expression
test consists of deciding whether the inclusion of the variable xj adds meaningful
information to the model, and it translates into assessing the significance of the
bT coefficient (highlighted in grey).
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Similarly to DESeq2, further available tools rely on the use of read counts in or-
der to make assessments of differential gene expression (e.g. edgeR [Robinson
et al., 2010] and baySeq [Hardcastle and Kelly, 2010]). These tools can also be
used to study differential expression at the transcript level, but a common alterna-
tive approach consists of relying on the algorithms implemented in the framework
of transcript abundance estimation, since those are able to take into account the
uncertainty in the read assignment process. For example, this is the case with
Cuffdiff2 [Trapnell et al., 2013] and MMDIFF [Turro et al., 2014], which can be
executed following estimation of transcript expression levels with Cufflinks [Trap-
nell et al., 2010] and MMSEQ [Turro et al., 2011], respectively. Moreover, and
consistent with the Bayesian model adopted, MMDIFF is also able to make use of
the uncertainty in the expression estimates, thus adding further sensitivity to the
differential transcript expression analysis.
1.3.6 Differential splicing
In the previous section, I have discussed briefly several approaches for the
assessment of differential transcript expression. However, differences in abso-
lute transcript abundance are not necessarily indicative of differential splicing
(Figure 1.12a), and alternative analysis strategies are preferred when the focus
lies on the latter. In general terms, changes in splicing patterns can be assessed
through the identification of either differential exon usage (DEU) or differential
transcript usage (DTU) events (Figure 1.12b and c, respectively), with advantages
inherent to both approaches. On the one hand, exon-centric analysis strategies are
completely independent from isoform reconstruction efforts, thus avoiding the
uncertainty intrinsic to that task. Furthermore, while those rely on the existing an-
notation, such dependence is limited to the exonic coordinates, and this approach
still enables the indirect identification of novel transcripts (i.e. novel alternatively
spliced isoforms). On the other hand, the results from such exon-centric analysis
are often difficult to interpret, and in this context transcript-centric analysis
strategies emerge as an attractive alternative.
Interestingly, in terms of algorithm development, much of the effort has been fo-
cused on the identification of differential transcript expression events, with limited
availability of tools for the study of changes in splicing. Amongst those, the Bio-
conductor package DEXSeq [Anders et al., 2012], was the first tool to account for
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Figure 1.12| Strategies for the study of changes in the abundance of alternative
transcripts.
(a) Differential transcript expression concept. Differential transcript expression is
analogous to differential gene expression, and does not necessarily imply differ-
ences in splicing.
(b) Differential exon usage concept. Differences in the read coverage for a given
exon, relative to changes in the number of reads that overlap the other exons
within the same gene, can be used as an indicator of differential splicing.
(c) Differential transcript usage concept. Differential transcript usage refers to those
cases where there is a change in the transcript relative abundances, which is not
necessarily linked to an overall change in expression levels. It constitutes the
most direct strategy for the study of differential splicing.
biological variation in the analysis, a vital requirement for robust testing. Briefly,
by relying on the same algorithmic principles as the aforementioned DESeq2, this
method enables the identification of significant differences in the proportion of
reads that overlap each exon, relative to the total number of reads that overlap the
corresponding gene (DEU events; Figure 1.12b). On the other hand, the recently
introduced tool MMDIFF [Turro et al., 2014] provides a method for the analysis
34
Chapter 1. Introduction
of DTU events (Figure 1.12c). MMDIFF is based on the use of Bayesian mixed
models, whereby the uncertainty in transcript expression estimates can be incor-
porated into the regression models used for testing, thus improving the power
to detect the events of interest. Altogether, the scarcity of tools to deconvolute
differences in splicing from differences in expression, together with the lack of
methods to infer the functional impact of the identified events, evidence that the
computational pipelines for the analysis of RNA-seq data are still not completely
established.
1.4 Aims of the thesis
The work presented in this thesis focuses on the use of RNA sequencing for the
high throughput study of alternative transcript products in human samples. Over-
all, the goal is to improve the current understanding of splicing by addressing the
following questions:
• What is the extent of transcriptome diversity? Are specific alternative tran-
scripts preferentially produced within a given gene?
• How prevalent are changes in splicing patterns in cancer? How can we
assess the potential functional impact of such changes?
• How do core spliceosomal factors participate in the regulation of splicing?
What are the effects of disrupting such regulation on dynamic cellular pro-
cesses such as cell division?
• Can the differential splicing events identified from transcriptomics data be
recapitulated at the protein level?
The present chapter has provided an general introduction to the two central con-
cepts behind this thesis, i.e. the splicing reaction and RNA sequencing. Further
introductory remarks relevant to each of the aforementioned questions will be
covered in the following chapters.
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The extent of transcriptome
diversity
The number of transcripts annotated in the human genome exceeds by far the
number of genes, and evidence collected from RNA-seq experiments during the
last few years indicates that the vast majority of those transcripts can be detected
as expressed across a range of conditions [Pan et al., 2008; Wang et al., 2008].
This chapter aims to investigate the extent to which transcriptome diversity is
maintained in a given sample when considering transcript relative abundances
within each gene. In the first part, I evaluate whether, in a given sample, gene
expression tends to be dominated by one transcript, as opposite to observing
similar expression levels for several of them. Next, I explore different analysis
strategies in order to increase the robustness of the obtained results. Finally, I
dissect further the biological impact of the reported findings by incorporating
information on transcript biotypes.
All the computational analyses described here have been performed by myself
under the supervision of Dr. Alvis Brazma. Dr. Adam Frankish and Dr. Jennifer
Harrow from the Wellcome Trust Sanger Institute contributed to the results
described in section 2.2.3, as detailed in the Methods, and also provided general
feedback on the project.
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2.1 Introduction
Although there are less than 22,000 protein coding genes known in the human
genome, they are transcribed into over 140,000 different transcripts (Ensembl
release 66 [Flicek et al., 2012]), more than 65% of which have protein coding
potential and thus may contribute to protein diversity. Following the introduction
of RNA-seq, significant evidence has accumulated showing that over 95% of
multi-exon genes have several alternative splice-forms expressed [Pan et al., 2008;
Wang et al., 2008], and that transcript expression is regulated [House and Lynch,
2008; Smith et al., 2008]. On the other hand, focusing on expressed sequence
tag (EST) data, Taneri et al. [2011] predicted that there is a single dominant
transcript per gene in primary tissues. Recently, the ENCODE project showed that
indeed, most genes have a major transcript in cell lines, although at the same time
noted that "genes tend to express many transcripts simultaneously, and as the
number of annotated transcripts per gene grows, so does the number of expressed
transcripts" [Djebali et al., 2012]. Despite these observations, it is still unclear
if and to what extent major transcripts are dominating the transcriptome, and
what proportion of transcript diversity is likely to contribute to protein diversity.
In addition, given the notable differences in gene expression between primary
tissues and cell lines [Lukk et al., 2010; Waks et al., 2011], transcriptome analysis
in cell lines can be extended to primary tissues only to some extent.
The present chapter aims to characterise the potentially coding transcriptome
from a functional perspective. By focusing on protein coding genes, I show
that, in primary tissues, almost 85% of the total mRNA from protein coding
loci originates from major transcripts (76% in cell lines). Notably, these major
transcripts are not always the longest possible for the gene (40% of the major
transcripts in primary tissues and 30% in cell lines are not the longest annotated),
nor always include the longest coding DNA sequence (CDS; approximately 50%
of the cases in both tissues and cell lines). I also observe that the ratio of the
number of expressed transcripts to genes in primary tissues is on average 1.12,
which corresponds to just over one transcript per gene. I further distinguish
between: (1) major transcript - the transcript with the highest expression level for
a given gene; and (2) dominant transcript - a major transcript that is expressed
at a considerably higher level than any minor transcripts of the gene. I show
that most protein coding genes in most conditions have one dominant transcript;
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e.g. for almost 80% of the expressed genes in primary tissues the major transcript
is at least twice as abundant as the next one. Furthermore, I detect a clear
separation in expression levels between major and minor transcripts, as well as
a considerably higher overlap for major vs. minor transcripts when comparing
them to a set of transcripts predicted to be translated into functional proteins by
entirely independent means [Rodriguez et al., 2013]. Finally, I observe that for
almost 20% of the studied protein coding genes (n = 18,450) the major transcript
does not code for a protein, and that this percentage is considerably higher in the
nucleus than in the cytosol.
These analyses have been performed using three different computational meth-
ods [Katz et al., 2010; Trapnell et al., 2010; Turro et al., 2011], and additionally,
where sufficient coverage exists, alternative transcript abundances were assessed
directly from the reads spanning unique exon junctions. Furthermore, simulated
data [Griebel et al., 2012] was used to confirm that the methods can reliably dis-
tinguish between two hypothetical alternative scenarios - one dominant transcript
per gene vs. several transcripts per gene expressed at similar levels. All those
methods produced a consistent outcome, supporting the robustness of the pre-
sented conclusions.
2.2 Results
In this chapter, I describe the analysis of two different RNA-seq datasets in order to
quantify and analyse the overall contribution of major transcripts to the potentially
coding mRNA transcriptome, in comparison to minor transcripts. These include
data on 16 primary human tissues from the Illumina Body Map dataset (BM),
further referred to as tissue dataset, as well as from 5 ENCODE cell lines, further
referred to as cell lines dataset (see Methods and Table A.1). Moreover, the latter
also include data from different cellular compartments (i.e. whole cell, cytosol
and nucleus), thus making it possible to compare across them. All the results
mentioned in this section refer to the average across all the samples of the tissue
dataset unless otherwise indicated.
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2.2.1 Most protein coding genes express one dominant transcript
Similarly to the results reported in previous RNA-seq transcriptome studies,
it is possible to detect more than one transcript for approximately 85% of the
expressed genes (83.70% to 89.95%, SD = 1.84). In line with this observation, a
total of 105,456 different transcripts can be detected as expressed in at least one
tissue, which corresponds to approximately 90% of the studied transcripts (n =
117,759; see Methods). However, when quantifying all the annotated transcripts
within a gene based on their relative abundance, the expression of most genes
appears to be dominated by a single transcript in most conditions, rather than
by a subset of similarly expressed transcripts (Figure 2.1a and Figure B.1). This
observation is also supported by the fact that, in primary tissues, the ratio of the
number of expressed transcripts to genes is 1.12 (0.98-1.40, SD = 0.11). Finally,
analysis of the mRNA pool derived from protein coding loci revealed that major
transcripts comprise approximately 85% of the coding mRNAs present in the cell
(79.98% to 86.49%, SD = 2.17; Figure 2.1b).
In order to address the impact of these observations at the protein level, I
plotted the distribution of expression levels for both major and minor transcripts
(Figure 2.1c). This analysis led to the observation that minor transcripts have a
tendency to be expressed below 1 FPKM, a threshold that has been suggested
as the minimum expression required for protein detection [Hebenstreit et al.,
2011; Vogel and Marcotte, 2012]. With the same goal in mind, I then evaluated
the overlap between the major/minor transcript predictions obtained from the
interpretation of the RNA-seq data and those obtained by an entirely independent
method (APPRIS [Rodriguez et al., 2013]). Briefly, APPRIS aims at identifying
principal isoforms amongst all the transcript annotated within a gene, by combin-
ing information on protein domains, structures and conservation across species.
Such predictions were overlapped with two different sets of coding transcripts:
on the one hand, recurrent major transcripts expressed above 1 FPKM; on the
other hand, recurrent minor ones expressed below the same threshold. Focusing
on common genes in these two scenarios (n = 6,082), the detected overlap
was significantly higher for the first set compared to the second one (45.61%
vs. 29.35%, respectively; Fisher’s exact test p-value < 2.2·10 16). This was also the
case when taking into consideration only those genes that are expressed in all
the tissues (n = 1,682, 59.93% vs. 22.06% overlap, respectively; Fisher’s exact test
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p-value < 2.2·10 16). Altogether, these results suggest that major transcripts could
be preferentially translated, even though minor ones may still play a functional
role.
Next, I quantified major transcript dominance by calculating for every gene
the ratio of the expression levels between the major transcript and the second
most abundant one. Overall, such analysis revealed that 79% of the genes in the
studied tissues (74.21% to 81.94%, SD = 2.16) have a two-fold dominant major
transcript (i.e. expressed twice as much as the second most abundant one), and
that for 56% of the genes (43.39% to 61.60%, SD = 3.50) the major transcript is
five-fold dominant (Figure 2.1d and Figure B.2). This indicates that most genes
tend to express one dominant transcript in a given sample. Similarly, dominant
transcripts were estimated to account for most of the studied mRNA pool: 76.69%
for a two-fold dominance (70.04% to 80.74%, SD = 3.48) and 67.47% for a five-fold
dominance (59.97% to 73.83%, SD = 4.81; Figure 2.1b). GO enrichment analysis
of genes that consistently express a five-fold dominant transcript across the 16
studied tissues indicated that they are functionally involved in metabolism and
cellular respiration, protein transport and transcription regulation (n = 1,450;
Table B.1). In addition, the comparison of the fraction of dominant vs. non-
dominant major transcripts across different FPKM thresholds evidenced that the
observed dominance is accentuated in highly expressed genes (Figure 2.1e). On
the other hand, focusing on genes that tend to express several transcripts at a
similar level, it was possible to identify 463 genes for which the major transcript
was less than two-fold dominant in all the tissues analysed (only 17 for a five-fold
dominance threshold). GO enrichment analysis of those revealed that they are
involved in RNA splicing/processing, post-transcriptional regulation of gene
expression and regulation of translation (Table B.2).
Similar analyses were also performed in the cell lines dataset, which includes
different cellular compartments (Figure B.1 and Figure B.2). In this context, I ob-
served that major transcripts account for approximately 80% of the studied mRNA
pool in the cytosol (77.20% to 83.66%, SD = 1.98; Table B.3), even though overall
transcript dominance is less accentuated than in primary tissues: 69% (63.11%
to 71.17%, SD = 2.40) of genes expressed a two-fold dominant major transcript
and 42% (35.16% to 44.76%, SD = 2.90) a five-fold dominant one in the cytosol
(Table B.4). Such differences could reflect higher transcription and splicing rates
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(d)
1 FPKM 10,410 (56.42%) 8,179 (78.51%) 5,864 (56.22%)
expressed genes
genes with a dominant major transcript
2-fold dominance 5-fold dominance
3,077 (66.27%)3,898 (83.64%)4,671 (25.32%)5 FPKM
1,794 (72.60%)2,146 (86.54%)2,486 (13.47%)10 FPKM
Figure 2.1| Most protein coding genes express one dominant transcript. All
the results presented here correspond to the tissue data.
(a) Relative abundance of the subset of transcripts in each position of the ranking. For
each gene, transcripts were ranked based on their relative abundances. There is
generally one predominant transcript over the rest.
(b) Percentage of the studied mRNA pool explained by each category of transcripts. The
mean percentage for all samples is represented here. Major transcripts represent
approx. 85% of the studied mRNA population and were further classified into
2-fold and 5-fold dominant, depending on whether they are expressed twice or
five times as much as the second most abundant transcript for the corresponding
gene.
(c) Expression distribution for major and minor transcripts. A total of 31,902 tran-
scripts are expressed above 1 FPKM in at least one tissue, including 26,641 dif-
ferent major transcripts.
(d) Average number of genes with dominant major transcripts. Different dominance
ratios and gene expression thresholds were considered in the quantification.
(e) Proportion of dominant vs. non-dominant major transcripts. Values of the ratio
above 1 indicate a higher proportion of dominant major transcripts with respect
to non-dominant ones. Different dominance ratios and gene expression thresh-
olds were considered for this analysis.
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in cell lines, although they could also be due to technical variability between the
two datasets. Given that these datasets have been generated by different laborato-
ries, it is very difficult to distinguish between these two scenarios, but this question
is revisited again in the next chapter, where the appropriate data is available.
2.2.2 The evaluation of different methods leads to a consistent outcome
Given that estimating transcript expression from short reads constitutes a
challenging task, I performed additional analyses to test the reliability of the
aforementioned observations. First, these included the simulation of different
RNA-seq datasets to test whether the pipeline used can distinguish between two
hypothesised scenarios: one dominant transcript per gene vs. similar expression
levels of the different transcripts in each gene (see Methods). Such analysis
led to the conclusion that the methods used here reliably discriminate between
the two scenarios, even when taking into account different sequencing depths
(Figure 2.2a). In addition, it evidenced that they are not biased towards the
identification of a single transcript per gene and corroborated the previously
described findings about transcript dominance (Figure 2.2b).
Figure 2.2| Evaluation of two hypothetical scenarios on major transcript abun-
dance.
(a) Relative abundance of the subset of transcripts in each position of the ranking for the
simulated datasets, including different sequencing depths. Several datasets were sim-
ulated under the assumption of one predominant transcript (default) or similar
expression levels for the transcripts annotated within each expressed gene (con-
stant). In comparison to the real expression values used for the simulation (real),
major transcript abundance is underestimated after the execution of the analysis
pipeline (20M, 40M and 80M, corresponding to the different sequencing depths
considered). This suggests that the analysis pipeline used is not biased towards
the identification of a single transcript per gene.
(b) Number of dominant major transcripts for the simulated datasets. The results ob-
tained when running the simulation under the hypothesis of a predominant tran-
script per gene (default) resemble those of the real datasets.
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Second, the evaluation of alternative methods to estimate transcript expression
levels revealed a strong agreement in the major transcript predictions. For
example, for highly expressed genes, up to 90% overlap was observed when using
Cufflinks (87.78% to 92.59%, SD=1.62; Table 2.1). Furthermore, a considerable
overlap with the predictions from MISO was also detected when using direct
evidence from junction reads (i.e. 66.35% - 61.44% to 69.60%, SD=2.66; see
Methods).
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MISO vs Cufflinks MISO vs MMSEQ
mean correlation SD mean correlation SD
1 FPKM 0.89 4.89e-03 0.70 2.36e-02
5 FPKM 0.93 5.33e-03 0.78 1.96e-02
10 FPKM 0.94 4.34e-03 0.81 1.91e-02
MISO vs. Cufflinks MISO vs MMSEQ
mean overlap (%) SD mean overlap (%) SD
1 FPKM 84.29 1.14 54.66 1.54
5 FPKM 88.71 1.67 57.34 2.98
10 FPKM 90.43 1.62 56.50 4.12
Table 2.1| Consistency in the transcript abundance estimates across different
software. There is in general a good agreement between the different methods
evaluated, with the biggest differences detected when using MMSEQ, which re-
quires mapping to the transcriptome (see Discussion).
(top) Average Pearson correlation coefficient in the expression estimates.
(bottom) Overlap in the major transcript predictions.
Third, the length of major transcripts was observed to be widely distributed
(Figure 2.3). More specifically, in over 50% of the cases (50.98% to 55.46%,
SD = 1.53) the identified major transcript did not correspond to the longest
one annotated. The same trend was observed when taking into account CDS
length: in approximately 50% of the genes (44.42% to 48.23%, SD = 1.12), the
major transcript did not contain the longest CDS, thus not corresponding to
the canonical transcript as annotated in UniProt [UniProt Consortium, 2012].
An example of such cases is the AES gene, which presents a ubiquitous major
transcript that is shorter than the current reference (Figure 2.4).
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Figure 2.3| Length distribution for major transcripts. Genes with several tran-
scripts annotated and expressed above 1 FPKM were taken into account for the
analysis.
(a) Length distribution for major transcripts.
(b) Number of major transcripts that correspond to the longest one annotated or that con-
tain the longest CDS. Major transcript detection is not biased towards the longest
one annotated.
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Figure 2.4| Example of non-canonical major transcript common to all the 16
tissues analysed.
(a) Read coverage for the gene AES (amino-terminal enhancer of split).
(b) Annotated transcripts structure and length. The transcript AES-202 is recurrently
identified as major in all the tissues of the BM dataset, and it does not correspond
to the longest CDS.
Finally, the impact of unnanotated transcripts in the above observations was ad-
dressed by performing de novo transcript quantification using Cufflinks (see Meth-
ods). As expected, such analysis led to the identification of a higher number of
transcripts per gene (6.38 in GENCODE v11 vs. 12.84 using Cufflinks), but it is still
possible to observe one dominant transcript for most of them (Figure 2.5).
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Figure 2.5| Summary of Cufflinks de novo quantification results.
(a) Summary of the number of genes and transcripts considered in the study set (GEN-
CODE) and those obtained after de novo transcript identification in the BM dataset using
Cufflinks (Cuffmerge). As expected, the average number of transcripts per gene
increases after de novo transcript quantification.
(b) Relative abundance of the subset of transcripts in each position of the ranking. It
is possible to detect one predominant transcript over the rest, albeit with lower
relative abundance than reported in that Figure 2.1.
(c) Percentage of the studied mRNA pool explained by each category of transcripts.
Lowly abundant transcripts explain a larger fraction of the mRNA pool than
in Figure 2.1, due to the increase in the average number of transcripts per gene.
(d) Expression distribution for major and minor transcripts. It is still possible to ob-
serve a clear separation between the expression levels of major vs. minor tran-
scripts.
(e) Number of dominant major transcripts, taking into account all genes in the extended
annotation (n = 18,635). Most major transcripts are expressed in a dominant fash-
ion, and this becomes more evident for higher FPKM thresholds.
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2.2.3 Major transcripts from coding genes do not always code for pro-
teins
Functional classification of major transcripts revealed that, for 17% of protein
coding genes expressed in primary tissues (15.26% to 20.64%, SD = 1.60), the
major transcript lacks an annotated CDS as indicated by GENCODE. Taking
into account expression levels, and focusing on cell lines data, major non-coding
transcripts were observed to be more abundant in the nucleus, where they
represent approximately 15% of the studied mRNA pool (12.99% to 16.66%, SD
= 1.10, Figure 2.6a). Genes with major non-coding transcripts are expressed at
higher levels in the nucleus, compared to those with major coding transcripts,
while this trend is inverted in the cytosol (Figure 2.6b). In addition, non-coding
major transcripts are less dominant than coding ones in both compartments
(Figure 2.6b). Finally, analysis of the annotation revealed that these major
non-coding transcripts correspond to retained introns and processed transcripts,
which lack an open reading frame (see Methods). The latter are more prevalent
in the cytosol, while the proportion of retained introns is higher in the nucleus
(Figure 2.6c).
In order to evaluate the hypothesis that incomplete splicing could explain the
higher proportion of major retained introns in the nucleus, I compared intron
expression levels across cellular compartments (see Methods for details on the
calculation of intron expression). As expected, intron expression was detected to
be higher in the nucleus compared to the cytosol (Figure 2.7a). In addition, such
analysis revealed a general trend in the location of major retained introns towards
the transcriptional 3’-end (Figure 2.7b), which has been previously linked to the
nonsense-mediated decay pathway (see Discussion). Interestingly, this trend is
more accentuated in the cytosol than in the nucleus, where it could be masked
by the higher intronic expression levels. Alternatively, the prevalence of retained
introns as a major transcript could point to a functional mechanism, since genes
with retained introns as the major transcript both in nucleus and cytosol were
detected to be expressed at lower levels in the latter (Figure 2.7c; see Discussion).
Those genes are associated with ribosomal components, consistent with previous
findings indicating that introns regulate the expression of ribosomal proteins in
yeast (Table B.5, see Discussion).
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Figure 2.6| Major non-coding transcripts in protein coding genes.
(a) Proportion of the mRNA studied represented by different categories of transcripts. Av-
erage proportions were calculated including all the samples from each dataset.
Major non-coding transcripts are more abundant in the nucleus compared to the
cytosol.
(b) Expression patterns across cellular compartments for major non-coding transcripts.
Protein coding genes for which the most abundant transcript is non-coding are
expressed at higher levels in the nucleus, whilst this trend becomes inverted in
the cytosol (left). Major transcript dominance becomes reduced both when the
major transcript is non-coding and in the nucleus (right).
(c) Transcript biotype categories for the major non-coding transcripts. Average pro-
portions were calculated including all the samples from each dataset. Processed
transcripts are more abundant in the cytosol, while retained introns represent the
major fraction in the nucleus. Other minor categories that represented less than
1% of the transcripts were also identified, but are not visible in the plots.
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Figure 2.7| Focus on retained introns.
(a) Normalised intron expression in different cellular compartments. FPKMs were cal-
culated for all the introns and normalised by gene expression levels (see Meth-
ods). Intron expression is higher in the nucleus than in the cytosol (Wilcoxon test
p-value < 2.2·10 16).
(b) Location of the dominant retained introns within the context of protein coding tran-
scripts. Genes for which the major transcript is a retained intron (RI) were initially
considered in the analysis, and cases where the second most abundant transcript
is protein coding and overlaps with the RIs were further selected. Similar criteria
were applied to analyse minor RIs. The location of the RIs is obtained by measur-
ing the distance from their centre to the transcriptional start of the overlapping
coding transcript, as illustrated in the panel below the figure (red dots). Major
RIs are preferentially located towards the transcriptional end of protein coding
transcripts.
(c) Expression levels for genes with major retained introns. The number of genes for
which the most abundant transcript is a RI is represented in the left. Amongst
the genes with major RIs in both cellular compartments (n = 81), gene expression
is higher in the nucleus (Wilcoxon test p-value < 2.2·10 16).
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On the other hand, the term processed transcript constitutes an ambiguous cate-
gory. Manual inspection of a subset of processed transcripts that were consistently
identified across all samples as the major transcript indicated that they could po-
tentially be re-annotated to protein coding, nonsense-mediated decay or retained
intron (Table B.6). Together, these observations suggest that the true proportion
of non-coding major transcripts for protein coding genes may be lower than the
current annotation suggests, in line with recent evidence pointing to the existence
of peptides from non-coding RNAs [Hemberg et al., 2014].
2.3 Discussion
In this chapter, I combine RNA-seq data from different primary tissues, cell
lines and cellular compartments to characterise the human protein coding tran-
scriptome from a functional perspective. I show that, in a given condition, most
protein coding genes not only express one major transcript, as recently observed
by Djebali et al. [2012], but in most cases the major transcripts are dominating
the transcriptome. The described findings are consistent across the two datasets
studied here, and are supported by several quantification methods, including
direct evidence from junction reads. Interestingly, the biggest differences in
major transcript predictions were detected when using MMSEQ, and those even
exceeded the ones obtained from direct interpretation of the raw data. Similarly to
MISO, this software uses a Bayesian approach to infer transcript abundances, but
requires mapping the reads to the transcriptome instead (see Introduction - sec-
tion 1.3.3.2). Such differences expose the potential variability introduced during
the mapping step and emphasise the need for further workflow evaluation studies
similar to the ones undertaken through the RGASP project [Engstrom et al., 2013;
Steijger et al., 2013]. On the other hand, transcript quantification from short read
sequences is not a trivial task, and the current annotation is continuously updated
to include novel transcripts. De novo transcript quantification revealed consistent
results to those obtained when relying exclusively on the annotation, although
major transcript dominance was less accentuated due to the higher proportion
of genes with a large number of transcripts. Nonetheless, it is reassuring to
observe that the detected single transcript dominance becomes stronger for
highly expressed genes, for which transcript prediction and quantification have
been reported to be more reliable [Steijger et al., 2013]. Furthermore, similar
observations have been made at the single-cell level following publication of our
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manuscript [Marinov et al., 2014; Shalek et al., 2013; Yan et al., 2013], and in the
long term, longer reads will shed more light on the topic.
The observation that a non-negligible fraction of protein coding genes express a
major non-coding transcript came as a surprising finding. However, non-coding
major transcripts are more prevalent in the nucleus, specifically in the case of
retained introns, and it was also possible to detect higher intronic expression lev-
els in this compartment. Altogether, these observations could reflect incomplete
splicing, consistent with existing evidence indicating that unspliced or incom-
pletely spliced mRNAs are not exported to the cytosol [Porrua and Libri, 2013].
In addition, the described results show that retained introns are preferentially
located towards the transcriptional end of transcripts. This observation has been
previously linked to the nonsense-mediated decay pathway [Kurmangaliyev
and Gelfand, 2008], a surveillance mechanism that ensures the degradation of
unspliced transcripts when they are transported to the cytosol (see Introduction
- The cytosolic life of mRNAs) [Pérez-Ortín et al., 2013]. Nevertheless, several
cases of functionally relevant retained introns have been described, either as
a mechanism to target mRNA molecules (e.g. [Buckley et al., 2011]), produce
alternative protein products (e.g. [Li et al., 2006]) or to regulate expression levels
(e.g. [Wong et al., 2013a; Yap et al., 2012]). In this context, I observe that genes with
retained introns as the major transcript in both nucleus and cytosol are expressed
at considerably lower levels in the latter, which could point to a regulatory role.
Finally, I also detect that those genes are associated to ribosomal components,
which is consistent with previous findings indicating that introns regulate the
expression of ribosomal proteins in yeast [Parenteau et al., 2011].
Overall, it is difficult to predict the impact of the described observations at
the protein level. There have been several studies addressing the relationship
between protein and transcript levels, which in general point at a modest, but
not insignificant correlation (i.e. the best estimates point at a range of 56%-64%
correlation [Li et al., 2014; Lundberg et al., 2010; Nagaraj et al., 2011]). Transla-
tional efficiency, mRNA and protein turnover rates are likely to have an impact
on protein levels [Vogel and Marcotte, 2012]. In addition, alternative splicing not
only has an impact on the protein repertoire, but also contributes to the control
of expression levels [McGlincy and Smith, 2008; Yap et al., 2012] and transcript
localisation [Keren et al., 2010; Nilsen and Graveley, 2010], which brings in other
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potential roles for minor transcripts. On the other hand, proteomics studies
also show that detecting a protein is unlikely unless there are at least a certain
number of RNA molecules per cell [Ramakrishnan et al., 2009]. This may be
partly due to insufficient sensitivity of the methods used; nevertheless, the clear
separation in expression levels between major and minor transcripts, together
with the higher overlap of the former with an independent set of transcripts
predicted to be translated into functional products, suggest that the abundance
of proteins derived from minor transcripts is likely to be lower than the one from
dominant ones, and that minor transcripts could simply result from noisy splicing
[Melamud and Moult, 2009].
Further information on the functional impact of the observations described in
this chapter can be obtained from comparative analyses. Alternative splicing is
a widespread process among eukaryotes, where it has been regarded as a mech-
anism for the diversification of protein sequence, structure and function, hence
conferring flexibility in the regulation of functional products across different
tissues or developmental stages [Nilsen and Graveley, 2010]. Comparative studies
based on the analysis of exon usage patterns have provided evidence for the
existence of lineage-specific splicing patterns [Barbosa-Morais et al., 2012; Merkin
et al., 2012], and whether similar results can be observed from the evaluation of
trends in major transcript expression across species remains an open question.
This analysis would not only complement past efforts for the identification of
evolutionary conserved splicing programs, but would also help in assessing the
functional relevance of major transcripts, providing extra evidence for function for
those with a high degree of conservation. Similarly, it would also be interesting
to evaluate major transcript dominance in the context of gene properties that
have been shown to correlate with alternative splicing. For example, the number
of transcripts annotated per gene has been shown to correlate positively with
gene age, length and the number of cassette exons [Roux and Robinson-Rechavi,
2011], but the relationship of these features with major transcript expression
patterns has so far been unexplored. Altogether, the research questions proposed
here would contribute in improving the current mechanistical understanding of
splicing.
Knowledge on major transcripts can be used to build a catalogue for the reference
transcriptome, by focusing on dominant transcripts that are recurrent in many
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samples. In this context, a closer inspection of such set of transcripts revealed
cases where they do not contain the longest CDS, a criteria often used in resources
like UniProt to define a reference transcript [UniProt Consortium, 2012]. These
results reinforce previous observations on the limitations of the current definitions
[Tress et al., 2008a], and point to potential advantages of taking into account
this type of data. Similarly, such information can also help in improving the
existing annotation, as exemplified here with the re-annotation of a subset of
major processed transcripts that were consistently identified across all samples.
Moreover, identification of changes in the major transcript across conditions can
lead to relevant findings, as shown in the next chapter. Finally, such observations
may also help proteome analysis by prioritising the candidate proteins that are
more likely to be present in a given sample, as further explored in Chapter 5.
In conclusion, the discovery of alternative splicing and many different classes of
non-coding RNAs, together with the establishment of RNA-seq, revealed that the
number of transcripts exceeds many times the number of genes in the human
genome. This has been used to argue that alternative splicing possibly explains
the low number of genes compared to what was believed before it was sequenced
[Nilsen and Graveley, 2010]. Despite such transcriptome diversity, the results de-
scribed here show that most protein coding genes express one dominant transcript
in a given condition, which, when combined, comprise most of the potentially
coding mRNA transcriptome. Hence, it is tempting to hypothesize that although
some minor transcripts may play a functional role, the major ones are likely to be
the main contributors to the proteome.
2.4 Computational methods
All the computational analyses described in this chapter have been performed by myself,
except for the re-annotation of major processed transcripts, which has been carried out by
Dr. Adam Frankish, as detailed below.
Datasets and mapping
Analyses were based on the Illumina Body Map (BM) dataset and a subset of
ENCODE cell lines [ENCODE Project Consortium et al., 2012] (ArrayExpress
accession ids: E-MTAB-513 and E-GEOD-26284, respectively), jointly covering
56
Chapter 2. The extent of transcriptome diversity
a total of 21 different tissues and cell lines, as well as different cellular com-
partments (see Table A.1). Raw FASTQ files were retrieved from the European
Nucleotide Archive1. In addition to the publicly available datasets, two RNA-seq
experiments were generated using the Flux Simulator [Griebel et al., 2012]. On
the one hand, the scenario of one dominant transcript per gene was simulated by
running this tool with the default parameters. On the other hand, a custom .pro
file with AFREQ_EXP=1000 was used to resemble similar expression of the several
transcripts annotated within each given gene.
FASTQ files in the BM dataset were filtered before mapping by trimming the last
five nucleotides of all reads. Raw data were mapped to the human genome and
transcriptome (Ensembl 66 [Flicek et al., 2012]) using Bowtie v0.12.7 [Langmead
et al., 2009] and TopHat v1.3.3 [Trapnell et al., 2009], respectively.
Gene and transcript study sets
Gene and transcript annotations used in the analyses correspond to those in GEN-
CODE v11 [Harrow et al., 2012]. This annotation is the result of the combination
of both computational and experimental evidence, as well as manual curation
efforts, and has been shown to offer a good compromise in terms of complexity
when compared to existing alternatives [Wu et al., 2013].
All the analyses discussed in this chapter are based on protein coding genes. Those
genes for which at least one of the annotated transcripts was shorter than 300 bp
were removed from the analyses (n = 1,638), since they would be lost during
the size selection step in the RNA-seq experiment (see Introduction - A typical
sequencing workflow). In total, the study set comprises 18,450 protein coding
genes, of which 14,902 have more than one transcript annotated.
Biotype definition for transcripts derived from protein coding genes
The transcript biotypes used in this chapter were obtained from the GENCODE
annotation, and are defined as follows:
• Protein coding: if the transcript contains a CDS.
• Nonsense-mediated decay (NMD): if the transcript contains a CDS but has one
or more splice junctions >50bp downstream of the stop codon.
1http://www.ebi.ac.uk/ena/
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• Retained intron: if the transcript has an intronic sequence compared to a
reference variant and has no strong evidence for function.
• Processed transcript: if the transcript does not contain a CDS and does not
fulfil the previous criteria.
Counting reads overlapping exonic and intronic regions
Exonic coordinates were retrieved from the annotation and used to define intronic
regions. Formally, the definition of intron encompasses those regions that are
located inside genic boundaries and are not overlapped by any exon in any anno-
tated transcript. The number of reads overlapping known exons and introns was
computed using dexseq-count (DEXSeq v1.5.5 [Anders et al., 2012]) and converted
to FPKM values with custom scripts.
Estimating gene and transcript expression levels
For each gene, expression levels were calculated as the average FPKMs of all ex-
pressed exons. Transcript abundances were obtained using three different tools:
MISO v0.4.1 [Katz et al., 2010], Cufflinks v1.3.0 [Trapnell et al., 2010] and MMSEQ
v0.10.0 [Turro et al., 2011]. MISO and Cufflinks take as input alignments to the
genome, while MMSEQ requires mapping to the transcriptome, thus the need to
use two different mapping strategies (see Methods - Datasets and mapping). In all
three cases, the expression estimates were based on the existing transcript annota-
tion, cancelling any option for de novo inference, and were converted to transcript
relative abundances when necessary. In this chapter, I refer to the results obtained
by MISO and I use a default FPKM threshold of 1 to consider a gene/transcript
as expressed, a threshold that has been suggested as the minimum expression re-
quired for protein detection [Hebenstreit et al., 2011; Vogel and Marcotte, 2012].
In addition, higher expression thresholds are also included in the analyses (5 and
10 FPKM), since transcript quantification has been reported to be more reliable for
those [Steijger et al., 2013]. Finally, a transcript is considered as detected indepen-
dently of its expression level, provided that the corresponding gene is expressed.
mRNA pool estimates
mRNA pool estimates were calculated as introduced by Ramskold et al. [2009].
Briefly, the fraction of the studied mRNA pool that can be explained by the ex-
pression of major transcripts can be represented as the ratio of the sum of FPKMs
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for major transcripts vs. the sum of FPKMs for all the transcripts in the study set.
All transcripts encoded within protein coding genes were taken into account in the
calculation, independently of their transcript biotype. Mitochondrial genes in the
study set were discarded (n = 11 in the study set), since they are present multiple
times in the cell and could bias the quantification.
Using direct evidence from junction reads
Genes that are part of the study set (see Methods - Gene and transcript study sets)
and for which all of the annotated transcripts can be uniquely identified by at least
one splice junction (n = 2,306) were considered in this analysis. Major transcripts
were then identified based on coverage evidence, by quantifying the number of
reads supporting each junction and taking the average in case of several splice
junctions. For each sample, the overlap with MISO was calculated.
De novo transcript discovery using Cufflinks
Cufflinks v1.3.0 [Trapnell et al., 2010] was used to discover novel transcripts in
each tissue from the BM dataset and all the obtained annotations were merged us-
ing cuffmerge [Trapnell et al., 2010]. Next, the subset of transcripts that overlaps
with known protein coding genes was used for analysis, and those genes with
transcripts shorter than 300 bp were filtered out (see Methods - Gene and tran-
script study sets). A summary of the number of genes and transcripts identified
can be found in Figure 2.5a.
Gene Ontology enrichment analyses
Gene Ontology (GO) enrichment analyses were performed with the DAVID and
WebGestalt [Huang et al., 2009a,b; Wang et al., 2013]. The reference population
was defined by our gene study set (see Methods - Gene and transcript study sets),
and an adjusted p-value of 0.05 was used as a threshold for the identification of sig-
nificant GO terms (Benjamini and Hochberg correction [Benjamini and Hochberg,
1995]).
Re-annotating major processed transcripts
Analysis performed by Dr. Adam Frankish.
Processed transcripts that were recurrently identified as the major isoform in a
consistent manner across all the studied samples were manually curated by using
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information from the Zmap annotation interface1 and re-annotated as indicated in
Table B.4.
1http://www.sanger.ac.uk/resources/software/zmap
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The prevalence of splicing
changes in cancer
Splicing plays a central role in the expression of most genes, and its dysregulation
is known to contribute to the pathogenesis of several diseases, including cancer
[Padgett, 2012; Pedrotti and Cooper, 2014]. In this context, alterations in the
splicing reaction have been associated with oncogenesis, tumour suppression and
metastasis [Hagen and Ladomery, 2012; Kaida et al., 2012]. The goal of the present
chapter is to investigate the prevalence of changes in splicing patterns in the most
common type of kidney cancer, i.e. clear cell Renal Cell Carcinoma (ccRCC). The
analyses described here have been performed as part of the CAGEKID project
(CAncer GEnomics of the KIDney), a broad effort aimed at improving the current
understanding of this type of cancer through the combination of data from
genomics, transcriptomics and epigenomics experiments (DNA-seq, RNA-seq
and methylation arrays, respectively). In the first part of the chapter, I perform
a global analysis of the splicing changes that underlie ccRCC. Those are further
dissected in the second part, with special emphasis on the most extreme and
recurrent events. I next pursue integration of the described results with those
obtained from other types of data generated within the same Consortium. Finally,
I expand these analyses to a separate RNA-seq dataset in order to investigate
the resemblance of splicing patterns in primary tissues and cell lines, linking the
derived findings to the observations from Chapter 2.
The results from all the computational analyses reported here have been pro-
duced by myself under the supervision of Dr. Alvis Brazma. Further analyses
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performed by Dr. Johan Rung from EMBL-EBI and Dr. Louis Letourneau from
McGill University have also been included in sections 3.2.1 and 3.2.4, and their
contribution has been emphasised in the Methods.
Publications derived from this chapter
• Gonzàlez-Porta & Brazma. Identification, annotation and visualisation of
extreme changes in splicing from RNA-seq experiments with SwitchSeq.
bioRxiv. 10.1101/005967.
• (submitted) Scelo?, Riazalhosseini?, Greger?, Letourneau?, Gonzàlez-Porta?
et al. Whole-genome sequencing reveals variation in the genomic landscape
of clear cell Renal Cell Carcinoma in Europe.
• (poster) Systems biology: Global regulation of gene expression 2014, CSHL.
?shared first authors
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3.1 Introduction
Numerous studies have evidenced the role of alternative splicing in disease
development, including cancer (e.g. see Padgett [2012]; Pedrotti and Cooper
[2014] for a review), where its dysregulation has been linked to oncogenesis,
tumour suppression and metastasis [Hagen and Ladomery, 2012; Kaida et al.,
2012]. In general, changes in splicing patterns are known to contribute to
disease either by directly affecting the function of proteins (e.g. protein-protein
interactions, sub-cellular localization or catalytic ability [Keren et al., 2010; Nilsen
and Graveley, 2010]), or by subtly regulating gene expression levels [McGlincy
and Smith, 2008; Yap et al., 2012]. Moreover, several mechanisms that could lead
to the disruption of splicing have been identified, including mutations in core
elements of the splicing machinery, alterations on the concentration and function
of Splicing Factors and mutations in regulatory regions associated with splice site
selection [Tazi et al., 2009].
In this chapter, I aim at investigating the changes in splicing patterns associated
with clear cell Renal Cell Carcinoma (ccRCC), the most common and aggressive
type of kidney cancer [Jonasch et al., 2012]. ccRCC tumours develop in the renal
parenchyma and represent 70-80% of renal cancers, which are in general one of
the most commonly diagnosed cancers in adults (i.e. they represent the 7th most
common cancer in Europe and account for 3% of adult malignancies worldwide)
[Chow et al., 2010]. Key clinical needs for ccRCC include the identification of
new biomarkers and new therapeutic targets, as suggested by the fact that this
is one of the few tumour types for which there are currently no biomarkers in
routine clinical use [Jonasch et al., 2012]. Recently, several large scale sequencing
projects, including initiatives from The Cancer Genome Atlas (TCGA) and the
International Cancer Genome Consortium (ICGC), have shed light on the genomic
alterations that underlie this type of cancer [Sato et al., 2013; Scelo et al.; TCGA
Network, 2013]. The main findings derived from this large scale projects include
the consolidation of previous knowledge on the role of the tumour suppressor
gene VHL in ccRCC development (with mutations detected in approximately 90%
of spontaneous tumours), as well as on the relationship between the allelic loss
of chromosome 3p and disease pathogenesis [Brugarolas, 2013]. Interestingly, the
VHL gene is located at this locus, as it is the case for other driver genes that have
been identified amongst the most commonly mutated ones (i.e. PBRM1, SETD2
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and BAP1; all of them tumour suppressors) [Brugarolas, 2013]. In addition, these
studies have reinforced the idea that ccRCC is a metabolic disease, with many
genomic aberrations affecting several metabolic pathways [Linehan et al., 2010].
However, with much of the focus being placed on the genomics scale, a thorough
characterisation of the splicing alterations that affect this type of cancer is still
missing, in spite of data availability (i.e. RNA-seq data for hundreds of patients
was generated in all the three aforementioned studies). Valletti et al. [2013] and
Zhao et al. [2013] relied on the identification of differentially expressed exons to
assess exon skipping events, by using microarrays and the previously mentioned
TCGA RNA-seq data, respectively, but this is a limited approach that focuses only
on the study of a subset of splicing events.
Through the analysis of RNA-seq data for 45 matched ccRCC samples (i.e. tumour
and healthy peripheral tissue from the same patient), I show here that splicing
patterns are largely altered in ccRCC, with almost 40% of the expressed genes
being affected (n = 7,842 out of 19,944 genes). Consistent with the results reported
in Chapter 2, I identify gene expression to be dominated by one transcript in
most cases, both in tumour and healthy samples, and I detect a bigger overlap
in major transcripts for the latter condition. Following these observations, I
estimate that only ⇠8% of the genes with altered splicing manifest significant
changes in major transcript dominance across conditions (n = 602 genes). Thus, I
conclude that despite the large number of genes that undergo differential splicing
events, most of those do not lead to big changes in the abundance of major
transcripts, at least in a recurrent fashion. Further study of switch events in each
sample pair (i.e. changes in the identity of the major transcript for a given gene
across conditions) confirmed the idea that most of the big changes in splicing
are patient-specific. This behaviour becomes even more extreme for those events
that involve dominant transcripts (i.e. major transcripts that are expressed at a
considerably higher level in comparison to the second most abundant one from
the same gene). Nonetheless, following integration with genomic data for a
set of 36 matched samples, I observe that pathways are widely disrupted when
combining information across multiple regulatory layers. For example, from such
integrative analysis, I do not detect major transcriptomic alterations for VHL, but
I do observe switch events for PBRM1 and BAP1 in several patients. Interestingly,
for PBRM1, these do not overlap with those cases in which the gene is mutated.
Finally, I explore overall differences in the splicing patterns of primary tissues
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vs. cell lines by analysing RNA-seq data from a set of 6 ccRCC cell lines.
The analyses described in this chapter have been performed as part of the
CAGEKID project (Cancer Genomics of the Kidney), one of the aforementioned
large scale sequencing efforts that aimed at characterising this disease from a ge-
nomic, transcriptomic and epigenetic perspective. This project is part of ICGC and
comprises 14 partners from 6 EU countries and Russia, including our team at the
EBI, which has led the interpretation of the transcriptomic data.
3.2 Results
In spite of the diversity of data generated within the context of CAGEKID, my
analyses rely primarily on the available matched RNA-seq samples. This includes
a set of 45 patients diagnosed with ccRCC, from whom both tumour and healthy
kidney tissue were extracted and sequenced with good quality. In all the cases,
revision by multiple pathologists ensured a 70% content of tumour cells in the
ccRCC samples. RNA-seq was performed on polyA-selected extracts using the
Illumina HiSeq 2000 platform (100 bp paired-end reads; Table A.2). In addition,
DNA-seq data for 36 of the 45 matched samples was also produced with the same
platform (100 bp paired-end reads), thus enabling the integration of genomic and
transcriptomic evidence. Finally, I also had access to RNA-seq data from a separate
set of 6 ccRCC cell lines (Table A.2). Even though those samples were not formally
generated as part of CAGEKID, they were sequenced by one of the participating
laboratories following the same protocols, thus providing a good scenario for the
comparison of splicing patterns in primary tissues vs. cell lines.
3.2.1 Splicing is largely altered in ccRCC
First, genes with significant changes in splicing in ccRCC vs. healthy tissues were
identified by running DEXSeq on the 45 matched RNA-seq samples (see Methods).
Out of the 19,944 genes detected as expressed, a total of 7,842 genes were predicted
to manifest significant differences in exon usage (padj < 0.01; Figure 3.1a), the vast
majority of which are protein coding genes (n = 7,182). GO enrichment analysis
of this set of genes revealed that they are involved in processes such as cellular
respiration, the formation of cell junctions and the regulation of cell cycle and
apoptosis, amongst other functions (Figure 3.1b).
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Figure 3.1| Splicing patterns in ccRCC tumours vs. healthy matched samples.
(a) Percentage of genes that are differentially spliced, differentially expressed or both
amongst the set of expressed genes. A large proportion of the expressed genes
present differences in either splicing, expression or both.
(b) GO and pathway enrichment analysis for the set of differentially spliced genes. Genes
with significant differences in splicing have a role in cellular respiration, energy
metabolism, the formation of cell junctions and cell cycle progression. Represen-
tative terms for 77 enriched pathways are shown here.
(c) Splicing variability distribution for healthy and tumour samples. Transcript relative
abundances within each given gene are more variable across tumours than across
normal samples (p-value < 2.2 · 10 16).
66
Chapter 3. The prevalence of splicing changes in cancer
Similar results were obtained following pathway enrichment analysis, which
expectedly pointed at an alteration of pathways involved in cancer and renal cell
carcinoma (Figure 3.1b). Overall, the above results suggest that, in almost 40%
of the expressed genes, alterations in splicing are broad enough to be detected
in a general comparison of normal vs. tumour samples. Such a large fraction of
altered genes is consistent with the high number of differentially expressed genes
detected in the same sample set (n = 12,231; padj < 0.01; see Methods). Notably,
there is a significant overlap between these two sets (p-value < 2.2·10 16; common
genes = 5,090; Figure 3.1a).
On a separate note, transcript expression levels were detected to be more variable
within tumours compared to normal samples (p-value < 2.2 · 10 16, Figure 3.1c;
see Methods). Given the positive correlation between the number of annotated
transcripts and splicing variability (rS = 0.75; p-value < 2.2 · 10 16), part of this
increase in variability could be explained by a higher number of expressed tran-
scripts per gene in tumours (Figure 3.2).
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% genes
number of expressed transcripts
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paired 
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Figure 3.2| Number of expressed transcripts per gene in normal vs. tumour
samples.
(a) Percentage of genes with each given number of expressed transcripts. 1 FPKM was
used as the expression threshold, following the analysis workflow introduced in
Chapter 2.
(b) Ratio of the number of expressed transcripts in paired samples compared to a ran-
domised set. Tumours tend to express a higher number of transcripts per gene
(p-value < 2.2 · 10 16).
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Finally, and consistent with the results described in Chapter 2, gene expression
was observed to be dominated by one transcript in most cases, both in tumours
and in healthy tissue samples (Figure 3.3). The integration of information across
biological replicates evidenced that genes commonly express one major transcript
(Figure 3.4a); nonetheless, it was also possible to identify several major transcripts
for a considerable fraction of genes. Notably, the number of different major tran-
scripts per gene was detected to be higher in tumours, in line with the previous
observations on the overall larger number of expressed transcripts in this condi-
tion. Furthermore, major transcripts were detected to be recurrently expressed in
both conditions (e.g. 90% of the genes express the same major transcript in >50%
of the samples where they are expressed; Figure 3.4b). Lastly, the overlap in major
transcripts was identified to be higher within healthy tissue samples than within
tumours (Figure 3.4c), consistent with the higher splicing variability previously
detected for the latter.
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Figure 3.3| Most protein coding genes express one dominant transcript in both
normal and tumour samples.
(a,e) Relative abundance of the subset of transcripts in each position of the ranking.
(b,f) Percentage of the studied mRNA pool explained by each category of transcripts.
(c,g) Expression distribution for major and minor transcripts.
(d,h) Average number of genes with dominant major transcripts.
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Figure 3.4| Major transcript expression patterns in ccRCC tumours vs. healthy
matched samples.
(a) Number of major transcripts detected for each gene in each of the evaluated condi-
tions. Genes have been stratified with regard to the number of different major
transcripts that can be detected across biological replicates, and a random dis-
tribution was obtained by randomising the set of major transcripts expressed in
each sample. One single major transcript can be detected for most genes; how-
ever, it is also possible to observe more than one major transcript for a large
percentage of cases.
(b) Expression breadth for major transcripts. Expression breadth is measured by the
number of samples where a given transcript is detected as major, relative to the
number of samples where the corresponding gene is identified as expressed. For
each gene, the most common major transcript was considered for the analysis.
Major transcripts tend to be recurrently detected in both normal and tumour
samples, and there is a negative correlation between the number of annotated
transcripts and the observed expression breadth (rS: -0.44, p-value < 2.2·10 16).
(c) Overlap in the set of major transcripts across healthy and tumour samples. There
is higher consistency in major transcript identity in normal samples (p-value <
2.2 · 10 16). N: normal; T: tumour.
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3.2.2 Large and recurrent changes in splicing are rare
As a next step, and in order to address the magnitude of the above reported splic-
ing alterations, I evaluated the extent of changes in the dominance and identity of
major transcripts across conditions. Analysis of major transcript dominance from
a patient-centric perspective revealed that, amongst the set of expressed genes,
the number of genes with a dominant transcript differs significantly between the
healthy and tumour tissues in all the 45 sample pairs (padj < 2.2 · 10 16 in all the
comparisons; see Methods). However, from a gene-centric perspective, only 602
genes show significant changes in major transcript dominance across conditions
(see Methods), which represents a small fraction of the set of genes with reported
alterations in splicing (i.e. 7.68% of the 7,842 genes previously identified). Even
though the first observation is consistent with the broad alterations described
in the previous section, the results from the gene-centric analysis suggest that
most of those alterations do not lead to big changes in the abundance of major
transcripts, at least in a recurrent fashion.
On the other hand, ⇠50% of the genes with altered splicing were predicted to
undergo changes in the identity of their major transcript in at least one sample
pair; cases that are further referred to as switch events (Figure 3.5a; see Methods).
Switch frequency decreases rapidly as the stringency on their expression breadth
is increased, suggesting that genes do not tend to be recurrently switched
(e.g. ⇠65% of genes that undergo switch events do so in less than 50% of the
patients where they are expressed; Figure 3.5b-d). Nonetheless, a small fraction of
broadly switched genes can be detected, which are dominated by those expressed
in a low number of samples (Figure 3.5b-c). Additional filtering of switch events
that involve 2-fold and 5-fold dominant transcripts in each condition revealed
a decrease in the proportion of genes being affected (i.e. 25% and 2% of genes
in the study set, respectively; Figure 3.5a), as well as in the number of samples
involved (Figure 3.5d). Altogether, these findings add to the idea that most of the
big changes are not recurrently detected.
In the context of switch events, an interesting set of genes are those that are
recurrently switched. An arbitrary threshold of >50% expression breadth was
chosen to investigate such cases, leading to a total of 1,112 protein coding genes
that fulfil this criteria, which were further analysed based on the potential
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Figure 3.5| Switch events between tumours vs. healthy matched samples in
protein coding genes.
(a) Percentage of differentially spliced genes involved in switch events. Half of the genes
with altered splicing present changes in the identify of major transcripts across
conditions in at least one sample pair. This percentage decreases when consider-
ing events that involve dominant transcripts. Most commonly, switch events in
protein coding genes involve two different coding transcripts that differ in their
protein sequence.
(b) Proportion of switched genes relative to their expression breadth. Genes are rarely
switched in all the samples where they are expressed.
(c) Number of samples involved in switch events relative to switch expression breadth.
Recurrently switched genes tend to be expressed in a lower number of samples.
(d) Frequency of switch events relative to the number of samples involved in the switch.
In most cases, genes are not recurrently involved in switch events. This is spe-
cially true for events that involve dominant transcripts.
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functional implications of the associated switch events. This information can
be inferred from the transcript biotype information available in Ensembl [Flicek
et al., 2012], which allows the classification of transcripts derived from protein
coding genes into four main categories: protein coding, nonsense-mediated
decay, retained intron and processed transcript (see Chapter 2 - Methods for a
description). Thus, switch events from the set of recurrently switched genes can
be classified depending on whether they involve (i) a protein coding transcript in
each condition, (ii) a protein coding transcript in the healthy tissue but not in the
tumour (function loss), (iii) the reverse situation (function gain), or (iv) any other
combination of the above mentioned biotypes (other).
This classification system revealed that, in about half of the cases (i.e. 49%),
those events involve two different protein coding transcripts which differ in their
coding sequence (Figure 3.5a). PPP2R4, a Ser/Thr phosphatase that participates
in the negative control of cell division and growth, stands out as a clear example
in this category of events (Figure 3.6a). Notably, the recurrent major transcript
in healthy samples is classified as the principal isoform by APPRIS [Rodriguez
et al., 2013], while this is not the case for the one recurrently detected in tu-
mours. A similar assessment can be obtained based on the crystal structure of
the corresponding protein, where the smaller peptide that would derive from
the major transcript detected in tumours is predicted to be non-functional by
MAISTAS [Floris et al., 2011]. Following with the functional classification of
switch events, it is also possible to identify cases where the two transcripts
involved encode the same protein and consequently differ only in their UTR
sequences. For example, a major transcript with longer UTRs was recurrently
detected in tumour samples for the ASPA gene (Figure 3.6b), an N-acetylaspartate
(NAA) scavenger. Alternatively, the splicing factor SRSF6 and the transcriptional
repressor PATZ1 are clear examples within the function loss and function gain
categories, respectively (Figure 3.6c and Figure 3.6d). Finally, switch events that
involve dominant transcripts also constitute an interesting category, even though
they are not as broadly detected (Figure 3.5d). For example, FGFR2, for which
splicing alterations had already been reported in the context of ccRCC [Zhao
et al., 2013], was detected to undergo a switch event in 22 out of 41 patients,
which in 7 cases involved 2-fold dominant and coding transcripts in both normal
and tumour samples.
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Figure 3.6| Examples of recurrent switch events. Each panel contains infor-
mation on the summarised gene and transcript expression profiles in tumours
vs. healthy samples (A and B, respectively), as well as sample-specific expression
profiles for a subset of three patients (C). The latter plot constitutes a novel visu-
alisation strategy, where each sample is represented as a pie chart, and each of
the slices corresponds to a transcript. The size of each slice is proportional to the
transcript expression level, and the overall size of the plot is proportional to the
gene expression level, thus allowing for comparisons across samples. Exon and
intron structures for the highlighted transcripts are also included in D. None of
the genes depicted here is differentially expressed.
(a) A switch between two protein coding transcripts for the PPP2R4 gene.
(b) A switch event between two protein coding transcripts that differ only in the UTRs
for the ASPA gene.
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Figure 3.6| Examples of recurrent switch events (continued).
(c) A switch event from a protein coding transcript to a nonsense-mediated decay one for
the SRSF6 gene.
(d) A switch event from a retained intron to a protein coding one for the PATZ1 gene.
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3.2.3 Identification, annotation and visualisation of switch events with
SwitchSeq
The analysis workflow followed in the previous section, based on the detection
and interpretation of switch events that affect protein coding genes, has been
automated within the tool SwitchSeq [Gonzàlez-Porta and Brazma, 2014]. Briefly,
this tool facilitates the interpretation of the changes in splicing reported by tools
like DEXSeq [Anders et al., 2012] and MMDIFF [Turro et al., 2014], by letting the
user focus on the most extreme cases (i.e. switch events).
SwitchSeq input consists of a matrix of normalised transcript-level counts, as well
as several annotation files that can be easily obtained with the provided wrap-
per tool (Figure C.1). Based on the expression data provided by the user, the
tool identifies the most abundant transcript within each gene and detects cases
where its identity changes across conditions, here referred to as switch events.
The detected events are then annotated by incorporating information from sev-
eral public resources (Ensembl, APPRIS, UniPDB), and the results are reported
in a self-contained HTML report, as well as in txt and json format. Furthermore,
SwitchSeq produces plots for the visualisation of the identified events, similar to
those depicted in Figure 3.6, which can be easily accessed from the report. Such
plotting capabilities have been implemented in an independent R package (tviz),
and hence can be used independently of any SwitchSeq execution.
3.2.4 Pathways appear as broadly disrupted when integrating different
layers of information
Switch events that are not as commonly shared across patients are also interesting,
specially if further alterations have been reported for the same gene in the same
patient. With this question in mind, and focusing on the subset of 36 matched
samples for which there is both RNA-seq and DNA-seq data available, I inte-
grated sample-specific information on switch events with the results from other
analyses performed in the context of CAGEKID, namely somatic mutations and
gene expression changes. Out of the 585 genes with non-silent somatic mutations
identified (see Methods), 226 overlap with those reported in previous studies
[Sato et al., 2013; TCGA Network, 2013], and from those, a subset of 42 also
undergo switch events in at least one patient. Such patient-specific alterations,
including changes in gene expression, can be visualised in Figure 3.7. Notably,
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VHL, which has been reported as the most frequently mutated gene in ccRCC,
is not part of this subset of genes. On the other hand, PBRM1, the second most
mutated gene in this type of cancer, is affected by switch events in 5 patients,
which, interestingly, do not overlap with those in which this gene is mutated.
Other genes that have been reported as significantly mutated in ccRCC and which
are also affected by switch events include PTEN, MTOR and the recurrently
switched BAP1 [Sato et al., 2013; TCGA Network, 2013].
The same strategy can be used to investigate patterns in the alterations that af-
fect components of relevant pathways in ccRCC (see section 3.2.1). For example,
in the well characterised VHL/HIF pathway (Figure 3.8), such a visualisation ap-
proach makes it easy to discriminate genes that are predominantly altered at the
genomic level (e.g. VHL) vs. cases in which transcriptomic alterations prevail, either
as changes in gene expression (e.g. EGLN3, SLC2A1, TGFB1), splicing (e.g. PIK3R,
HIF1A, AKT2) or both (e.g. VEGFA, ETS1). Similar patterns can be observed when
focusing on the PI(3)K-AKT-MTOR pathway (Figure C.2), which also plays a rele-
vant role in ccRCC, and the focal adhesion pathway (Figure C.3), located upstream
of the former. Overall, such analyses evidence that, even though most genes are
not altered in a recurrent fashion, pathways are broadly disrupted when combin-
ing information across multiple layers of information.
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Figure 3.7| Patient-specific landscape of alterations for a subset of the genes
with recurrent somatic mutations. A set of 42 genes with recurrent somatic
mutations across three different studies and which undergo a switch event in at
least one sample are represented here. For each gene, patient specific informa-
tion was obtained by comparing the healthy and tumour samples and has been
summarised in three tracks: switch event information (top), gene expression dif-
ferences (middle) and confirmed somatic mutations (bottom). A gene is reported
as either up or down-regulated in a given patient if there is at least a 2-fold
change in its expression levels across conditions (i.e. 2-fold log10 FPKMs). Genes
have been sorted regarding the total number of somatic mutations identified.
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Figure 3.8| Summary of detected alterations in the VHL/HIF pathway.
(a) The VHL/HIF pathway. Genes which have been identified as altered in any
of the three considered analyses (i.e. switch events, gene expression changes and
confirmed somatic mutations) have been highlighted in red.
(b) Patient-specific landscape of alterations for genes in the VHL/HIF pathway. Each
gene is represented by three tracks as described in Figure 3.7, and have been
sorted based on the total number of alterations of any kind. Only those previ-
ously highlighted in a are included here.
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3.2.5 Splicing patterns in cancer cell lines are different from those in
primary tissues
Cell lines are widely used as cancer models, and thus, it is important to un-
derstand how they differ from primary tissues. Several studies have evidenced
differences in their transcriptional programs, reporting alterations in metabolic
pathways, cell division and communication (e.g. Auman and Howard [2010];
Ertel et al. [2006]; van Staveren et al. [2009]), but changes in splicing have
been so far unexplored. In this section, I will focus on the comparison of splic-
ing patterns in primary tissues vs. cell lines by analysing a set of 6 ccRCC cell lines.
In general terms, and consistent with the results reported for primary tissues
both here and in Chapter 2, ccRCC cell lines also express one dominant transcript
per gene (Figure 3.9). Nonetheless, there are differences in the percentage
of the mRNA pool that can be attributed to dominant transcripts (Figure 3.9
vs. Figure 3.3), which constitute a first hint of differences in the splicing programs.
For example, 2-fold dominant transcripts account for 83% of the mRNA pool in
healthy tissues, while this percentage decreases to 74% and 67% for tumours and
cell lines, respectively. In the same line, clustering analysis based on transcript
relative abundances revealed that cell lines behave differently from primary
tissues in terms of splicing patterns (Figure 3.10). Notably, matched samples clus-
tered by disease status rather than by patient, thus indicating that the alterations
described in the previous sections dominate above inter-individual variability.
Closer inspection of splicing differences with DEXSeq revealed that there are
8,831 genes with at least one exon differentially used between cell lines and
tumour samples. This represents 26% of the expressed genes (n = 33,982), a lower
percentage than the one obtained when comparing healthy vs. tumour samples.
Pathway enrichment analysis of the set of differentially spliced genes suggested a
role in metabolism, cell cycle control and several signalling pathways (Table C.1),
consistent with previous findings regarding differences in gene expression [Ertel
et al., 2006].
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Figure 3.9| Most protein coding genes express one dominant transcript in cell
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Figure 3.10| Splicing patterns in cancer cell lines vs. primary tissues. Samples
were clustered based on transcript relative abundances. There is a clear separa-
tion between cell lines (green) and primary tissues, as well as between matched
healthy (blue) and tumour samples (red). This suggests that cancer cell lines
differ from primary tumours in their splicing patterns and that disease status
prevails over inter-individual variability.
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Moreover, the extent to which ccRCC cell lines resemble primary tumours in terms
of switch events was also investigated. In this context, a potentially interesting set
of genes are those which had been previously identified as recurrently switched
(n = 1,112). Focusing on the most common switch event for each gene, the overlap
in the identity of the involved transcripts and the most recurrent major transcript
in cell lines was evaluated, thus leading to four possible different scenarios: (i)
cases where the most recurrent major transcript in cell lines coincides with the
one detected in tumours; (ii) cases where it coincides with the one identified in
normal samples; (iii) cases where there is no overlap or where there are several
recurrent transcripts that can be ambiguously classified; and (iv) cases where the
corresponding gene is not expressed in cell lines. Such classification revealed that
recurrently expressed major transcripts in ccRCC cell lines overlap significantly
more often with those detected in tumours than with those detected in healthy
tissues (Figure 3.11a; Chi-square test, p-value = 5.531 · 10 08). For example, the
previously highlighted gene PPP2R4 has consistent splicing patterns between cell
lines and tumours (Figure 3.11b). However, this situation represents only 32%
of the cases, thus suggesting that, most of the time, major transcript expression
patterns are not conserved. Surprisingly, SRSF6, for which a clear switch event
has been reported earlier in this chapter, emerges as an example of the divergence
in splicing patterns between cell lines and tumours (Figure 3.11c). Finally, 19% of
the genes that had been identified as recurrently involved in switch events are not
detected as expressed in cell lines.
3.3 Discussion
The results described in this chapter constitute the first in-depth characterisation
of the splicing alterations that underlie ccRCC, the most common type of renal
cancer [Jonasch et al., 2012]. Formerly, most of the efforts towards the character-
isation of this disease have focused on the genomic level, with recent significant
advances derived from three different large scale sequencing projects [Sato et al.,
2013; Scelo et al.; TCGA Network, 2013]. The few existing attempts to understand
the potential disruption of splicing programs in ccRCC have mostly been based
on the use of differential exon expression as a measure of exon skipping [Valletti
et al., 2013; Zhao et al., 2013]. However, such approach does not cover the totality
of annotated splicing events, as evidenced by the differences in the number
of genes reported to undergo differences in splicing (i.e. hundreds in previous
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Figure 3.11| Switch events in cancer cell lines vs. primary tissues.
(a) Overlap in the identity of the most recurrent major transcript in cell lines and those
involved in recurrently switch events. Major transcripts in ccRCC cell lines overlap
significantly more often with those detected in tumours than with those detected
in healthy tissues (Chi-square test, p-value = 5.531 · 10 08). N: normal; T: tumour.
(b-c) Sample-specific transcript usage in the six cell lines analysed for a subset of genes
previously identified to undergo switch events. The major transcripts detected in cell
lines tend to coincide with those detected in primary tumours (e.g. PPP2R4, see
Figure 3.6a); however there are also genes for which the most abundant transcript
in cell lines corresponds to the one detected in healthy samples (e.g. SRSF6, see
Figure 3.6c).
studies vs. thousands in the present chapter). Thus, I show that splicing patterns
are largely altered in this type of cancer, consistent with the wide alterations
already described at the gene level [Sato et al., 2013; Scelo et al.; TCGA Network,
2013]. Furthermore, these observations link to the identification of the mRNA
processing pathway as commonly disrupted in ccRCC [Sato et al., 2013].
GO and pathway enrichment analysis of the set of genes that undergo differential
splicing in ccRCC points to a significant alteration of metabolic pathways,
including oxidative phosphorilation, the citrate cycle, glycolisis and the pentose
phosphate pathway. This is suggestive of a general metabolic shift and consistent
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with the Warburg effect, which constitutes a hallmark of ccRCC [Linehan et al.,
2010]. Moreover, such analyses identified a dysregulation of the focal adhesion
pathway, which contains genes that act upstream of PI(3)K. Abnormalities of the
extra-cellular matrix play key roles in tumour formation and progression [Cox
and Erler, 2011] either by affecting downstream growth-promoting pathways
[Levental et al., 2009] or by contributing to angiogenesis and metastasis by
influencing the tumour microenvironment [Lu et al., 2012]. Together with the
recurrently altered PI(3)K-AKT-MTOR signalling pathway [Sato et al., 2013; TCGA
Network, 2013], this novel finding highlights the relevance of this signalling
cascade as a therapeutic target for ccRCC.
In spite of the large number of differentially spliced genes identified, I observe
that big changes in splicing do not tend to be recurrently detected. These
observations are consistent with the abundant molecular heterogeneity identified
in ccRCC [Gerlinger et al., 2012; Martinez et al., 2013] and, more generally,
with the high levels of inter-tumour variability described for cancer [Cusnir and
Cavalcante, 2012; Shibata and Shen, 2013]. By focusing on major transcripts, I
estimate that, amongst the genes with differential splicing, only a small subset
manifest also differences in major transcript dominance between the healthy and
tumour tissues. Following the introduction of the concept of switch event as a
means to explore the most extreme changes in splicing, I detect that most of these
events can be detected only in a small number of patients (e.g. ⇠65% of genes
that undergo switch events do so in less than 50% of the samples where they
are expressed). Nonetheless, it is also possible to identify interesting cases of
recurrent switch events. For example, I predict a non-functional major transcript
in tumours for PPP2R4, a Ser/Thr phosphatase involved in the negative control
of cell division and growth. Similarly, I detect a switch between a protein coding
transcript and a nonsense-mediated decay one for the splicing factor SRSF6,
which has been reported as an oncogene [Michal et al., 2013]. Interestingly,
this is consistent with existing knowledge that levels of core components of the
splicesome (SmB/B’) can be auto-regulated through feedback loops that rely on
NMD [Saltzman et al., 2011]. Overall, these analyses evidence that many of the
detected splicing differences arise from lowly abundant transcripts, which could
potentially result from noisy splicing. Nonetheless, similarly to what has been
discussed in Chapter 2, one cannot rule out the possibility that minor transcripts
may have a functional impact on the cell’s fate. mRNA and protein levels are
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only correlated up to some extent, and hence it is possible that minor transcripts
are still translated. Even if this is not the case, they might still play a functional
role in the regulation of expression levels [McGlincy and Smith, 2008; Yap et al.,
2012]. Thus, evaluating the functional relevance of the annotated transcripts is
one of the challenging tasks ahead. In this context, incorporating information on
the conservation of protein sequences and features across species could help in
identifying potentially functional minor transcripts, and the disruption of key
protein domains and structures compared to major transcripts could indicate
functional defects [Rodriguez et al., 2013].
Beyond the general comparison of normal vs. tumour samples, patient-specific
analysis of transcriptomic and genomic alterations allowed for a more clear
picture of the complexity underlying this type of cancer. For example, I show
that VHL is predominantly altered at the genomic level. On the other hand, I
observe that PBRM1, the second most commonly mutated gene in ccRCC, is also
affected by switch events in a small number of patients. This is also the case
for BAP1, identified amongst the most mutated genes in this type of tumour,
and MTOR, a component of the PI(3)K-AKT-MTOR pathway that constitutes a
strong therapeutic target for ccRCC [Audenet et al., 2012]. In addition, I observe
that despite the low recurrence of the detected splicing changes, pathways are
broadly altered when aggregating information across different regulatory layers.
This evidences the need for integrative analysis in complex diseases such cancer,
and highlights the importance of sample-specific comparisons in uncovering such
complexity.
Finally, following analysis of a set of 6 ccRCC cell lines, I predict overall differ-
ences in the splicing patterns of cell lines vs. primary tissues when clustering
samples based on transcript relative abundances. Several studies had already
evidenced differences in transcriptional programs for cell lines (e.g. Auman
and Howard [2010]; Ertel et al. [2006]; van Staveren et al. [2009]), but changes
in splicing patterns have remained uncharacterised. Focusing on genes that
had been previously identified as recurrently switched, I show that recurrently
expressed major transcripts in ccRCC cell lines overlap significantly more often
with those detected in tumours than those from healthy tissues. However, in most
cases (i.e. 68%), major transcript expression patterns are not conserved between
cell lines and tumours, as exemplified by SRSF6. Overall, such observations
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reinforce the idea that transcriptome analysis in cell lines can be extended to
primary tissues only to some extent [Lukk et al., 2010].
Altogether, the findings described in this chapter constitute the tip of the iceberg
for a landscape of large transcriptomic alterations in ccRCC. By analysing alterna-
tive splicing patterns, it has been possible to detect changes that would not have
been picked up by a gene-level analysis, which might as well constitute actionable
therapeutic targets [Tang et al., 2013]. Nonetheless, there are still many more av-
enues to cover in order to gain a deep understanding of the ccRCC transcriptome,
including novel transcription and novel transcripts, as well as potential alterations
affecting the expression of long non-coding RNAs (lncRNAs) and micro-RNAs
(miRNAs). RNA-seq has undoubtedly facilitated the study of the transcriptome,
and as the costs of sequencing continue to fall down, having access to a more inte-
grated picture through the combination of different layers of information (e.g. ge-
nomics, transcriptomics, epigenetics, etc.) will not only enable the discovery of
novel biomarkers in research, but will soon constitute a reality in the clinics.
3.4 Computational methods
All the computational analyses described in this chapter have been performed by myself,
with the exception of the differential expression and somatic mutation analyses, which have
been carried out by Dr. Johan Rung and Dr. Louis Letourneau, as detailed below.
Datasets and mapping
RNA from 45 healthy kidneys and matched ccRCC tumours was extracted and
polyA-selected following Illumina’s standard protocols. Sequencing was per-
formed on an Illumina HiSeq 2000 platform (100 bp paired-end reads; Table A.2).
In addition, DNA-seq data for 36 of the 45 matched samples was also produced
with the same platform (100 bp paired-end reads). In all the cases, revision
by multiple pathologists ensured a 70% content of tumour cells in the ccRCC
samples. Finally, RNA from a separate set of 6 ccRCC cell lines was extracted and
prepared for sequencing following the same Illumina’s protocols and platform
(100 bp paired-end reads; Table A.2).
Raw RNA-seq reads were initially trimmed down to 95 nucleotides from the 3’
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end using PRINSEQ v0.19.5 [Schmieder and Edwards, 2011] and mapped to the
reference genome (Ensembl 66 [Flicek et al., 2012]) using TopHat v2.0.6 [Kim et al.,
2013]. The DNA-seq data were analysed by Dr. Mark Lathrop’s group at McGill
University and Genome Quebec Innovation Centre (see Integrative analyses).
Gene level analyses
Analyses performed by Dr. Johan Rung:
Gene counts were estimated using HTSeq v0.5.3p7 [Anders et al., 2014], using
the --intersection-nonempty and --stranded=no parameters. Genes with zero
counts for more than nine tumour or normal samples were filtered out, and
the rest were considered as expressed. A paired test for differential expression
was performed for the 45 matched sample pairs using edgeR [Robinson et al.,
2010], and significance was assessed with an FDR threshold of 0.01 (Benjamini
& Hochberg correction [Benjamini and Hochberg, 1995]). Gene FPKMs were
obtained from the calculated counts using custom scripts.
Analyses performed by myself:
Gene expression levels of ccRCC cell lines vs. primary tumours were compared
with edgeR as detailed above. Following the previous strategy, only genes with
non-zero counts for five or less samples were considered as expressed.
GO and pathway enrichment analyses were performed with DAVID [Huang et al.,
2009a,b] and WebGestalt [Wang et al., 2013], and significance was assessed with an
adjusted p-value of 0.01 (Benjamini & Yekutieli correction [Benjamini and Yeku-
tieli, 2001]). All the information on gene function was retrieved from Genecards
[Safran et al., 2010] unless otherwise indicated in the text.
Transcript level analyses
Differential splicing and splicing variability
DEXSeq v1.7.0 [Anders et al., 2012] was used to identify genes that undergo
differential exon usage across the two studied conditions (i.e. healthy kidney
vs. ccRCC samples). An FDR threshold of 0.01 was used to assess significance
(Benjamini & Hochberg correction [Benjamini and Hochberg, 1995]).
Splicing variability was calculated following the method introduced by Gonzàlez-
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Porta et al. [2012]. Briefly, for each gene, the relative abundances of the annotated
transcript isoforms for all the individuals in the study set (normal or tumour)
are represented in a multi-dimensional space, with the number of dimensions
corresponding to the number of transcripts. Then, the mean Hellinger distance to
the centroid of all the data points (individuals) is taken as a measure of splicing
variability (i.e. the higher the observed dispersion, the bigger the variability in
transcript relative abundances within individuals of the study set).
Major transcripts and switch events
Relative abundances for the transcripts annotated in Ensembl 66 were obtained
using MISO v0.4.1 [Katz et al., 2010]. Transcript FPKMs were then obtained
by multiplying those relative abundances with the corresponding gene FPKMs.
Similarly to the nomenclature introduced in Chapter 2, the most abundant
transcript within each gene is referred to as major transcript.
Major transcript dominance was assessed by calculating, for every gene, the ratio
of the expression levels between the second most abundant transcript and the
major one. For each sample, the number of expressed genes with a dominant tran-
script (i.e. 2-fold dominant major transcript) was calculated. Then, the difference
in the numbers obtained for the normal and tumour samples from each given
patient was assessed with a McNemar’s test (patient-centric analysis). Similarly,
for each gene in the set of differentially spliced genes, the difference in major
transcript dominance between all normal vs. tumour samples was interrogated
with a Wilcoxon test (gene-centric analysis). In both analyses, p-values were
corrected for multiple testing using the Benjamini-Hochberg method [Benjamini
and Hochberg, 1995].
Changes in major transcript identity across conditions were referred to as switch
events (see Figure 1.12c for an illustration). A given switch event was classified
as dominant if both transcripts involved are expressed in a dominant fashion. For-
mally, given a gene G, a pair of transcripts Ik and Il and two paired samples Si
and Sj from patient P, we say that gene G undergoes an x-fold switch between
transcripts Ik and Il in samples Si and Sj, if G is expressed in both Si and Sj and
the ratio of the expression of Ik to Il is at least x in Si and no more than 1/x in Sj.
In addition, switch events were also classified as recurrent if they were present in
>50% of the samples in which the corresponding gene was expressed.
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Cluster analysis
Spearman correlation coefficients were calculated by comparing transcript relative
abundances across samples in a pairwise fashion and used to cluster samples
using the R function heatmap.2.
Integrative analyses
Analyses performed by Dr. Louis Letourneau:
Non-silent somatic mutations for a total set of 585 genes were identified with
Genome MuSiC v0.4 [Dees et al., 2012] (FDR < 0.2) and validated by pooled
amplicon sequencing on an Illumina MiSeq or by Sanger sequencing.
Analyses performed by myself:
A gene is reported as either up or down-regulated for a given patient if the
observed difference in expression levels across matched samples is more than
2-fold (i.e. >2-fold log10 FPKMs).
Pathway information was retrieved from KEGG [Kanehisa and Goto, 2000; Kane-
hisa et al., 2014] and reproduced with the permission of Kanehisha Laboratories.
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Chapter 4
The regulation of splicing by core
spliceosomal factors
Gaining a comprehensive knowledge of all the factors involved in intron removal
and their specific contribution in shaping splicing decisions is the key to under-
standing the basis of this reaction and how its disruption might contribute to
pathogenesis [Barash et al., 2010]. This chapter describes a collaborative effort to
further characterise the function of the splicing factor PRPF8, and to dissect the
role of core spliceosomal components in the regulation of the splicing reaction.
In the first part, I describe the phenotypic effects obtained following knock-down
of this splicing factor. Next, I link such effects to alterations in splicing, and I
identify common characteristics of the set of genes that are most affected by such
down-regulation. Finally, I evaluate the impact of PRPF8 knock-down on the rate
of splicing as a potential explanation for the observed effects.
All the computational analyses have been performed by myself under the su-
pervision of Dr. John Marioni from EMBL-EBI, unless otherwise indicated in the
Methods. The experimental work has been carried out by Dr. Vi Wickramasinghe,
Dr. David Perera and Arthur Bartolozzi in Dr. Ashok Venkitaraman’s laboratory
at the Hutchison Research Institute. Finally, Dr. Christopher W. Sibley from Dr.
Jernej Ule’s laboratory at University College London produced and analysed the
iCLIP dataset.
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4.1 Introduction
The splicing reaction is a multi-step process in which over one hundred proteins
take part, typically referred to as splicing factors (SFs). Together with several
small nuclear RNAs (snRNAs), these proteins form a large protein complex -
the spliceosome - which has been widely investigated in terms of composition,
function and structure (e.g. reviewed in Hoskins and Moore [2012]; Matera and
Wang [2014]). Amongst the collection of SFs that participate in splicing, the
core spliceosomal component PRPF8 stands out because of its location at the
centre of the spliceosome [Galej et al., 2013; Grainger and Beggs, 2005]. This
SF is part of the U5 small nuclear ribonucleoprotein particle (snRNP) and the
B-complex, and has been suggested as a master regulator of splicing [Grainger
and Beggs, 2005]. More specifically, PRPF8 is known to act as a scaffold during
spliceosomal assembly, and to be involved in the activation of the B-complex
through the recruitment of the the U4-U6·U5 tri-snRNP ([Li et al., 2013]; see
Introduction - The splicing reaction). Notably, this SF has been established as a
candidate gene for autosomal dominant retinitis pigmentosa, a genetic disease
that affects specifically retinal cells and that is characterized by a reduction in
splicing activity [Tanackovic et al., 2011]. Furthermore, similarly to other SFs, it
has been detected to play an essential role in cell division [Neumann et al., 2010].
However, despite its key involvement in the splicing reaction, its clinical relevance
and its requirement for proper cell cycle progression, much of the structure and
mode of action of PRPF8 remain uncharacterised.
In this chapter, I describe the work carried out in collaboration with Dr. Ashok
Venkitaraman’s and Dr. Jernej Ule’s teams in order to further elucidate the func-
tion of PRPF8 in the context of its associated mitotic arrest phenotype. Following
down-regulation of this SF with small interference RNAs (siRNAs), we confirmed
and characterised the resulting disruption in cell cycle progression. Moreover, by
introducing properly spliced mRNAs into PRPF8 knock-down (KD) cells, we show
that such phenotype can be attributed to splicing defects, rather than to a direct
role of PRPF8 in cell division, as reported for other splicing factors [Hofmann
et al., 2010]. Further results from Sm iCLIP experiments indicate that spliceoso-
mal binding is affected at a global scale, hence pointing to an overall disruption
of splicing. We further generated and analysed an RNA-seq dataset in order to
compare splicing patterns in control vs. PRPF8 KD cells, and consistent with the
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above results, we observed higher intronic expression levels in the latter. We also
detect differences in splicing for a subset of the expressed genes (n = 3,388 out
of 13,216 protein coding genes) that are enriched for those encoding mitotic cell
cycle factors, thus linking the identified alterations to the observed phenotype.
Focusing on intronic reads, we identify a subset of introns that remain preferen-
tially unspliced after PRPF8 KD, and find that they harbour weaker splice sites
and GC composition similar to that of adjacent exons, characteristics that have
been previously linked to intron retention [Amit et al., 2012; Sakabe and de Souza,
2007]. Mini-gene experiments further show that increasing splice site strength
can compensate for the down-regulation of PRPF8, hence suggesting that the ki-
netic competition across splicing signals could constitute an explanation for the
observed alterations. Finally, and consistent with this kinetic competition model,
we predict and validate changes in the rate of splicing following PRPF8 KD by re-
lying on novel computational analyses based on intronic reads. Altogether, these
findings highlight PRPF8 as a key player for the completion of splicing in tempo-
rally constrained processes such as cell division and reveal an intimate role of this
SF in regulating the dynamics of splicing.
4.2 Results
The findings described here are the result of a collaborative effort, which com-
prised the use of a variety of experimental and computational approaches for
the purposes stated above. Even though the present chapter includes an overall
description of the project, the emphasis has been placed on the analysis of the
RNA-seq data, in which I have been most involved.
4.2.1 PRPF8 knock-down causes accumulation of cells in mitosis
Following down-regulation of PRPF8 (Figure D.1), it was possible to observe that
cells with reduced expression of this splicing factor did not progress through the
cell cycle and tended to accumulate in mitosis (Figure 4.1a). Moreover, PRPF8
knock-down (KD) cells manifested mitotic abnormalities that could provide an
explanation for the failure to exit this phase, as exemplified by the severe chromo-
some misalignment observed from chromosome alignment assays (Figure 4.1b).
Finally, knock-down of other B-complex components also led to a mitotic arrest
phenotype, while this was not generally the case for A and C-complex components
(Figure D.2; see Discussion).
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Figure 4.1| Characterisation of the mitotic arrest phenotype obtained after
PRPF8 KD.
(a) Results from the cell cycle analyses. Cells with reduced expression of this splic-
ing factor tend to accumulate in mitosis (p-value < 0.001).
(b) Results from the chromosome alignment assays. Chromosome alignment assays
measure whether chromosomes are aligned correctly at the metaphase plate.
Compared to controls, PRPF8 KD cells display lagging chromosomes.
Figure provided by Dr. Vi Wickramasinghe.
4.2.2 The mitotic arrest phenotype is driven by disruptions in splicing
Given that PRPF8 is a component of the catalytic core of the spliceosome, it is
likely that the observed phenotype is caused by alterations in splicing. In order
to evaluate this hypothesis, PRPF8 KD cells were treated with a cytosolic extract
from control cells that contained polyA-selected mRNAs. Such treatment led to
partial phenotype recovery in PRPF8 KDs (Figure 4.2), suggesting that the lack of
properly spliced mRNA is affecting cell cycle progression. Similar results were ob-
tained from further Sm iCLIP experiments, a technique that allows for the study of
spliceosomal protein-RNA interactions along the genome at nucleotide resolution
[Briese et al.; König et al., 2010]. These experiments evidenced lower spliceosomal
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binding in PRPF8 KD cells, thus pointing to global defects in the splicing reaction
(Figure 4.3 and Figure D.3). Notably, most of the differences in spliceosome occu-
pancy emerged at the 5’ splice site, consistent with the preferential interaction of
PRPF8 with this splicing signal [Li et al., 2013].
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cytoplasmic
mRNA
ce
lls
 in
 m
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)
Figure 4.2| Phenotype recovery experiments in PRPF8 KD cells. Cytoplasmic
mRNAs were isolated from control cells and introduced in PRPF8 KDs. Such
treatment revealed a decrease in the proportion of cells arrested in mitosis, sug-
gesting that the observed alterations in cell cycle progression are caused by splic-
ing defects (control vs. PRPF8 KD: p-value < 0.001; PRPF8 KD vs. PRPF8 KD +
cytoplasmic mRNA: p-value < 0.01). Figure provided by Dr. Vi Wickramasinghe.
To gain further insights into the splicing alterations that led to the observed
mitotic arrest, the transcriptome of PRPF8 KD and control cells was sequenced on
an Illumina HiSeq2000 using 100 bp paired-end reads (4 and 3 biological repli-
cates, respectively; see Methods and Table A.3). Analysis of this RNA-seq dataset
revealed that intronic expression levels are higher in PRPF8 KDs compared to
control cells (p-value < 2.2 · 10 16; Figure 4.4a and Figure 4.4b; see Methods), thus
pointing to an overall misregulation of splicing patterns, as initially suggested by
the iCLIP experiments. Following such observation, DEXSeq was used to detect
intron retention events (see Methods), and this analysis led to the identification
of a set of 2,086 protein coding genes that contain at least one retained intron.
Similarly, from the execution of DEXSeq on annotated exons it was possible to
detect a set of 1,921 protein coding genes with significant differences in exon
usage across conditions (FDR < 0.01; see Methods). These results suggest that
down-regulation of PRPF8 not only impairs intron removal, but also affects
alternative splicing patterns. Notably, there is a significant overlap between this
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Figure 4.3| Results from Sm iCLIP experiments for the 5’ splice site.
(a) RNA maps for control and PRPF8 KD samples. RNAmaps provide a summarised
view of the detected spliceosomal binding sites across all exon-intron junctions,
where each peak corresponds to different RNA-binding proteins [Briese et al.].
Such maps suggest that the down-regulation of PRPF8 leads to broad differences
in the studied RNA-protein interactions. Mean + SD across replicates have been
plotted for each condition (see Methods).
(b) Changes in the distribution of normalised cDNA counts between control and PRPF8
KD samples. Normalised cDNA counts in the shaded regions from a have been
plotted here for all exon-intron junctions. The overall decrease in spliceosomal
binding in PRPF8 KDs evidences that the previously detected differences are not
caused by a small subset of genes (p-value < 2.2 · 10 16, Wilcoxon test).
set of genes and those previously detected to display retained introns (n = 637;
p-value < 2.2·10 16). Most importantly, the set of genes with reported alterations
in splicing (either in the form of intron retention or differential exon usage events)
were detected to constitute only a subset of the expressed protein coding genes (n
= 3,388 out of 13,216; expression threshold = 1 FPKM; Figure 4.4c; see Methods),
suggesting a certain degree of specificity in the mode of action of PRPF8.
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Figure 4.4| Characterisation of splicing alterations in PRPF8 KD cells.
(a) Intron expression levels in PRPF8 KD vs. control cells. Down-regulation of PRPF8
leads to an increase in intronic expression (p-value < 2.2 · 10 16). Intron expres-
sion levels were normalised to take into account gene expression and library size
as specified in Methods.
(b) Percentage of reads mapping to exons and introns in PRPF8 KD vs. control cells. The
proportion of reads mapping to both exon-intron boundaries and intron bodies
increases after PRPF8 KD. Paired reads are counted once.
(c) Gene Ontology enrichment analysis for protein coding genes with altered splicing
after PRPF8 KD. Genes that manifest significant differences in splicing patterns
after PRPF8 KD (n = 3,388) are involved in cell division and mitosis, amongst
other functions.
Altogether, the above described sets of genes were determined to be in-
volved in cell division and mitosis through Gene Ontology enrichment analysis
(Figure 4.4c), thus linking these findings to the observed phenotype. Focusing
on the common genes from these two sets, the predicted splicing changes were
further validated by RT-PCR in a subset of genes with a role in cell division
(Figure 4.5a and Figure 4.5b). These included ASPM, observed to undergo an
exon skipping event; CDC23, for which an alternative terminal exon was detected;
and CDC20 and NUDC, both predicted to contain retained introns. Furthermore,
for both ASPM and CDC23, the observed differences were big enough to lead to a
change in the identity of major transcripts across conditions (Figure 4.5c). Finally,
such changes could also be validated at the protein level by Western blot in the
cases where antibodies were available (Figure 4.5d). Overall, these findings con-
firm the hypothesis that PRPF8 is required for proper splicing of genes involved
in mitosis.
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Figure 4.5| Validation of the predicted splicing changes in a subset of genes
with a role in cell division.
(a) RT-PCR validation results. Each panel includes information on the read cov-
erage in the corresponding genomic region in a control vs. PRPF8 KD sample
(right) and the RT-PCR validation results (left). Genes have been selected to rep-
resent a variety of splicing events.
(b) qRT-PCR validation results. The relative abundance for the amplification prod-
ucts labelled with arrows in a is represented here. ASPM and CDC23: p-value <
0.001; CDC20 and NUDC: p-value < 0.01.
(c) Estimated transcript expression levels. Both ASPM and CDC23 are predicted to
undergo a switch event in PRPF8 KD vs. control samples (i.e. different major tran-
scripts are detected in each condition; see Chapter 3 - Methods).
(d) Western blot results. Predicted alternative splicing events in genes for which
antibodies were available could be successfully validated at the protein level.
Figures with experimental results have been provided by Dr. Vi Wickramasinghe.
4.2.3 Modulating splice site strength can compensate for the down-
regulation of PRPF8
Further characterisation of the most extreme intron retention events suggested
that those introns that are not as efficiently removed after PRPF8 KD tend to
have weaker 5’ splice sites (Figure 4.6a; p-value = 0.0220, Wilcoxon test). Motif
enrichment analysis on the same set of genes revealed consistent results: while
the top identified motifs correspond to the consensus 5’ splice site sequence both
for retained (RI) and non-retained introns (NRI), the percentage of targets with
such motif varies significantly between the two categories (Figure 4.6b; 68.50% for
RI vs. 91.03% for NRI; p-value < 2.2·10 16, Fisher’s exact test). Such differences
were not observed at the 3’ splice site (Figure 4.6c and d). Finally, mini-gene
experiments further demonstrated that increasing splice site strength can revert
the splicing defects observed in PRPF8 KD cells (Figure 4.7).
On a separate note, analysis of GC composition for the most extreme RI revealed
that, contrary to NRI, the former display GC content similar to that of adjacent
exons (p-value < 2.2 · 10 16, Wilcoxon test; Figure 4.8a), as well as higher GC
content overall (p-value = 0.0055, Wilcoxon test; Figure 4.8b).
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Figure 4.6| Splice site strength for the top retained introns following PRPF8
KD. A set of 200 retained introns (RI) were selected based on fold-change differ-
ences (see Methods), and non-retained introns (NRI) within the same set of genes
were used as a contrast.
(a) Differences in 5’ splice site strength. Top retained introns have weaker 5’ splice
sites compared to non-retained introns from the same set of genes (p-value =
0.0220, Wilcoxon test).
(b) Results from the motif enrichment analysis on the 5’ splice site. The top motif iden-
tified corresponds to the consensus 5’ splice site sequence both for RI and NRI.
However, the percentage of targets displaying such sequence differs significantly
between the two sets (p-value < 2.2·10 16, Fisher’s exact test).
(c) Differences in 3’ splice site strength. No significant differences were detected
between RI vs. NRI (p-value = 0.2068, Wilcoxon test).
(d) Results from the motif enrichment analysis on the 3’ splice site. The findings in c
are supported by these results.
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Figure 4.7| Mini-gene experiments for the CDC20 gene.
(a) Illustration of the experimental design. The CDC20 gene had been previously
identified to contain a retained intron following PRPF8 KD (see Figure 4.5). In
this experiment, the splicing efficiency of such retained intron was evaluated
with several mini-gene constructs, which contained either the wild-type splice
sites, stronger 5’ and 3’ splice sites (5’ mutants and 3’ mutants, respectively), and
the combination of both (double mutants).
(b) RT-PCR results. Splicing of the intron of interest can be rescued by the intro-
duction of stronger 5’ and 3’ splice sites, as well as by the combination of both.
Most importantly, splicing recovery is obtained independently of the condition
studied (i.e. control and PRPF8 KD). The same results can be observed in c.
(c) qRT-PCR results. Mean + standard error are shown for triplicate reactions of
each experiment.
Figure provided by Dr. Vi Wickramasinghe.
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Figure 4.8| GC content of top retained vs. non-retained introns.
(a) Differential GC content. Differential GC content was calculated by dividing the
GC content of each intron to the average of its adjacent exons (see Methods).
Compared to NRI, the GC content in retained ones is closer to that of neighbour-
ing exons (p-value < 2.2 · 10 16, Wilcoxon test).
(b) Overall GC content. Top retained introns have slightly higher GC content than
non-retained ones (p-value = 0.0055, Wilcoxon test).
4.2.4 PRPF8 knock-down has an impact on the rate of co-transcriptional
splicing
The above results suggest that the down-regulation of PRPF8 leads to increased
kinetic competition across splice sites; however, they do not provide an explana-
tion for what could be mediating such increase. In this context, an alteration in
the rate of splicing following PRPF8 KD emerges as a plausible cause for such
differences: splicing is known to occur co-transcriptionally for most human genes
[Tilgner et al., 2012], and thus any changes in the co-existence of this reaction
with transcriptional elongation could result in an increased competition across
splice sites.
Given that the analysed RNA-seq libraries are polyA-selected, it is theoretically
possible to obtain information on the kinetics of the splicing reaction from intronic
reads. More specifically, under a scenario of co-transcriptional splicing, introns
located towards the 5’ end of transcripts are more prone to be spliced out, since
they are transcribed first. Conversely, introns located towards the 3’ end are
more likely to be detected in the RNA-seq experiment, given that splicing has
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not yet finalised after the addition of the polyA tail. Altogether, this suggests
that a difference in the number of reads that map to the first vs. last introns of
each given transcript could be used as an indicator of co-transcriptional splicing
(Figure 4.9a). Similarly, differences in such proportion across the two studied
conditions (i.e. control vs. PRPF8 KD) could serve as an indicator of changes in
the dynamics of splicing.
The results obtained following the above analysis strategy revealed that introns
located towards the 3’ end of transcripts are generally expressed at higher lev-
els compared to those situated towards the 5’ end (Figure 4.9b and Figure D.4),
thus suggesting that splicing is co-transcriptional for most genes. Interestingly,
there is a negative correlation between the differences in expression of first vs. last
introns and transcript length, which indicates that co-transcriptional splicing is
more prevalent in longer transcripts (average rS = -0.24, p-value < 5 · 10 4 in all
samples). On the other hand, such differences are less accentuated after down-
regulation of PRPF8, hence pointing at changes in splicing efficiency (Figure 4.9b;
p-value = 5.34 · 10 9). Further experimental validation on a subset of the pre-
viously highlighted genes with a prominent role in cell cycle progression showed
that, indeed, splicing is co-transcriptional overall and less efficient after PRPF8 KD
(Figure 4.10). Specifically, splicing recovery was considerably delayed in PRPF8
KDs compared to normal cells for CDC20 and CDC23, and even more extremely,
it could not be detected during the time frame of the experiment for ASPM.
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Figure 4.9| Co-transcriptional splicing evidence from intronic reads.
(a) Intronic reads contain potential information on the dynamics of splicing. Introns lo-
cated towards the 5’ end of transcripts have a higher probability of being spliced
out under a scenario of co-transcriptional splicing, but this is not the case if
splicing occurs post-transcriptionally. A co-transcriptional splicing ratio was cal-
culated by comparing the intronic coverage of the first vs. last introns in each
transcript. Such coverage was normalised to take into account intron length and
the expression levels of adjacent exons.
(b) Distribution of the co-transcriptional splicing ratio in control vs. PRPF8 KD sam-
ples. Co-transcriptional splicing dominates in control samples as indicated by the
low ratio values. PRPF8 KDs present higher ratios, suggesting disruptions in the
rate of co-transcriptional splicing (p-value = 5.34 · 10 9). Only genes with one
transcript annotated in Ensembl 66 were considered for this analysis (n = 2,366;
see Methods).
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Figure 4.10| Experimental validation of the predicted differences in the rate
of co-transcriptional splicing after PRPF8 KD.
(a) Illustration of the experimental design. Rates of transcription and splicing can be
measured in vivo by treating cells with DRB, a reversible kinase inhibitor [Arde-
hali and Lis, 2009; Singh and Padgett, 2009]. This drug targets specifically a
kinase that is involved in the phosphorilation of the carboxy-terminal domain
(CTD) of RNA pol II, thus blocking its entry into productive elongation. Follow-
ing DRB release, newly synthesised transcripts can be detected with the indicated
primers. Specifically, the primer pair BC provides information on the rate of tran-
scription, as it measures the production of pre-mRNAs. On the other hand, the
primer pair AC will anneal to both unspliced and partially spliced transcripts,
but it will fail to generate a PCR product in the former due to the large size of
the enclosed intron. Thus, it can be used as an indicator of the rate of splicing.
Eventually, once the intron that is targeted by primer C is removed, no amplifi-
cation product will be detected.
(b) Results of the DRB experiments for a set of genes with a role in cell division. Follow-
ing treatment of cells with DRB, the recovery of transcription (black) and splicing
(gray) were measured as described in a. In general, recovery of splicing can be
detected previously to the completion of transcriptional recovery, hence suggest-
ing that intron removal occurs in a co-transcriptional fashion. PRPF8 KD cells
manifest less accentuated recovery rates overall, as well as a slower recovery of
splicing. More extremely, for the CDC23 and ASPM genes, such recovery was
largely impaired. For all panels, mean + standard error are shown for triplicate
reactions of each experiment.
Figure provided by Dr. Vi Wickramasinghe.
4.3 Discussion
The present chapter describes a collaborative effort to further characterise the
function of the splicing factor PRPF8 and, more generally, to dissect the role
of core spliceosomal components in regulating the splicing reaction. Similarly
to previous studies that combined RNA interference and imaging techniques
for the large-scale identification of genes required for cell division, the findings
presented here indicate that the expression of this SF is necessary to exit mitosis
[Neumann et al., 2010]. Moreover, they reveal that the down-regulation of other
B-complex components can also lead to a mitotic arrest phenotype, whilst this is
not the case for components of the A and C complexes, which emphasises the
role of the B-complex in initiating the catalysis of intron removal. In spite of this
B-complex specificity, the reported observations show that knocking-down PRPF8
results in the strongest effects, consistent with its location at the centre of the
spliceosome and its proposed role as a master regulator of splicing [Galej et al.,
2013; Grainger and Beggs, 2005]. Moreover, the treatment of PRPF8 KD cells with
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cytosolic extracts from control samples leads to a decrease in the proportion of
cells arrested in mitosis, thus indicating the the observed phenotype is driven
by defects in splicing. These findings are further corroborated by the results
from Sm iCLIP experiments, which point to an overall decrease in spliceosomal
RNA-protein interactions after PRPF8 down-regulation.
Consistent with the above observations, RNA-seq experiments show an overall
increase in intronic expression levels. In addition, analysis of exon usage pat-
terns reveals further differences in alternative splicing, adding up to existing
evidence in indicating that changes in the concentration of core components of
the spliceosome can regulate this process [Saltzman et al., 2011]. Overall, analysis
of the RNA-seq data allowed for the detection of alterations in splicing for a
subset of the expressed protein coding genes (n = 3,388 out of 13,216). Notably,
these genes are enriched for cell division regulators and mitotic factors, hence
linking the observed splicing defects to the mitotic arrest phenotype. Further
exploration of a set of introns especially sensitive to PRPF8 KD revealed that
they present typical characteristics of retained introns, including weaker splice
sites [Sakabe and de Souza, 2007] and lower differential GC content [Amit et al.,
2012]. Particularly, the results from the computational analyses indicate that
these differences only exist at the 5’ splice site, in line with existing evidence
that points to the preferential interaction of PRPF8 with this splicing signal
[Li et al., 2013]. However, experimental validation with mini-gene experiments
showed that, in PRPF8 KD cells, intron removal can be promoted by increasing
both 5’ and 3’ splice site strength. Altogether, these findings suggest that the
splicing alterations detected following a decrease in the concentration of this SF
are likely to arise from the kinetic competition between splice sites, a well known
mechanism of splicing regulation [House and Lynch, 2008; Wang and Burge, 2008].
Finally, analysis of intronic reads in control samples evidenced that slicing occurs
mostly in a co-transcriptional fashion in the studied set of genes. This is consistent
with existing knowledge suggesting that splicing occurs co-transcriptionally for
most human genes [Bentley, 2014], and in particular, it recapitulates previous
observations from Tilgner et al. [2012] that were based on the analysis of junc-
tion reads. Moreover, such finding shows that it is possible to gain biological
knowledge from the intronic data generated in an RNA-seq experiment, often
considered to be noise. Interestingly, co-transcriptional splicing was detected
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to be more prevalent in longer transcripts, where the increased timespan of the
transcription reaction could provide an opportunity for splicing to start prior to
the addition of the polyA tail. Indeed, in yeast, in which the average gene length
is shorter than in humans, the RNA pol II has been detected to pause at the 3’
terminal end of transcripts and downstream of introns, hence providing extra time
for co-transcriptional splicing to occur [Alexander et al., 2010; Carrillo Oesterreich
et al., 2010]. Most importantly, co-transcriptional splicing was detected to be less
prevalent after PRPF8 KD, thus providing an explanation for the detected kinetic
competition amongst splice sites.
Altogether, the findings described in this chapter show that fluctuations in the
concentration of core spliceosomal factors can result in changes in the dynamics
of splicing, which can in turn manifest as changes in splice site choice. Even
though the kinetics of spliceosomal rearrangements had been already identified
to play a role in shaping splicing decisions [Query and Konarska, 2004; Saltzman
et al., 2011; Yu et al., 2008], the interplay between this process and the dynamics
of splicing had not been characterised to date, hence evidencing the novelty of the
described findings.
4.4 Computational methods
All computational analyses have been performed by myself unless otherwise stated. Exper-
imental analyses have been performed by Dr. Vi Wickramasinghe, Dr. David Perera and
Arthur Bartolozzi. Dr. Christopher W. Sibley carried out the Sm iCLIP experiments and
part of the derived data analysis. Given the computational focus of this thesis, details on
the experimental methods followed have been covered elsewhere [Wickramasinghe et al.].
Analysis of the Sm iCLIP data
Analyses performed by Dr. Christopher W. Sibley:
Sm iCLIP datasets for 3 control and 3 PRPF8 KD samples were generated
following the protocol described in Briese et al. Each biological replicate was
sequenced twice, hence resulting in a total of 12 samples. The obtained reads were
mapped to the human genome and analysed with the iCount software1, following
the steps detailed in König et al. [2010]. bed files that contain information on
1http://icount.biolab.si/
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spliceosome occupancy along the genome were generated as a result, and further
used for downstream analysis.
Analyses performed by myself:
iCLIP counts were normalised by library size to account for variations in sequenc-
ing depth across samples. Similarly, for each junction, counts were divided by the
maximum value to allow for the comparison across different features. Normalised
counts were eventually used to produce Figure 4.3.
Datasets and mapping
RNA from control and PRPF8 KD Cal51 cell lines was extracted, polyA-selected
and prepared for sequencing following standard Illumina protocols. Sequencing
was performed on a HiSeq 2000 machine (100 bp paired-end reads), including
3 and 4 biological replicates for control and PRPF8 KD samples, respectively
(Table A.3). On average, 25M reads per sample were obtained.
Due to the high quality of the reads, raw data were directly mapped to the human
genome (Ensembl 66 [Flicek et al., 2012]) using TopHat v1.3.3 [Trapnell et al.,
2009] with the following options: --max-multihits 1 --no-novel-juncs --min-
isoform-fraction 0.0 --GTF $gtf_file.
Intron counts and normalised intron expression
Intron coordinates were obtained with custom scripts based on bedtools v2.17.0
[Quinlan and Hall, 2010], by considering exons from transcripts annotated as pro-
tein coding in Ensembl 66. Overlapping exons were merged and the longest exon
or combination of exons was kept. Intronic expression levels were then obtained
with dexseq-count (DEXSeq v1.7.0 [Anders et al., 2012]) and normalised as fol-
lows:
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µˆi =
ci/li
cg/lg
· 10
9
N
where:
µˆi = normalised expression for intron i
ci = counts for intron i
li = length for intron i
cg = counts for gene g
lg = length for gene g
N = library size
Identification of differentially used exons
DEXSeq v1.7.0 was used to identify genes with differential exon usage across the
two studied conditions. Specific options include --aggregate=no for the prepa-
ration of the annotation and --paired=yes --stranded=no to count reads that
overlap exons. An FDR threshold of 0.01 was used to assess the significance of the
detected fold-changes (Benjamini & Hochberg p-value correction [Benjamini and
Hochberg, 1995]).
Identification of retained introns
Differential intron usage was assessed with DEXSeq v1.7.0 with the same options
as indicated above. Due to the overall low number of intronic reads compared
to exonic ones, library size factors were not inferred from intron counts, but
instead the previously calculated ones were re-used. Differentially used introns
with a positive log2 fold-change (FDR < 0.01, Benjamini & Hochberg p-value
correction) were defined as retained introns (RI), whilst those that did not fulfil
this criteria were classified as non-retained (NRI). The most extreme intron
retention events (i.e. top 200) were selected for subsequent analyses based on
fold-change information.
Splice site strength was calculated with the MaxEntScan algorithm [Yeo and Burge,
2004], and motif enrichment analysis was performed with Homer v2 [Heinz et al.,
2010] using a common set of background sequences. The calculation of differential
GC content in introns vs. adjacent exons was performed similarly to Amit et al.
[2012], by discarding 20 nucleotides (nt) from each end of the introns and 3 nt
from the exons in order to account for splicing signals.
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Gene and transcript-level analyses
A gene was defined as expressed if it is detected above 1 FPKM in any given sam-
ple. Gene Ontology enrichment analyses were performed with DAVID [Huang
et al., 2009a,b] and WebGestalt [Wang et al., 2013], using an adjusted p-value
threshold of 0.01 (Benjamini & Yekutieli correction [Benjamini and Yekutieli,
2001]) and the set of expressed genes as a background (n = 13,216). Differential
gene expression was assessed with DESeq v1.10.1 [Anders and Huber, 2010],
and significant changes were evaluated following the criteria previously used for
the analysis of differential splicing (FDR < 0.01, Benjamini & Hochberg correction).
Transcript expression estimates were calculated with MISO v0.4.1 [Katz et al.,
2010], using the annotation from Ensembl 66.
Co-transcriptional splicing ratio
Co-transcriptional splicing was evaluated by comparing intronic expression levels
for the first vs. last introns of each transcript. Given the potential complexity intro-
duced by alternative splicing events, this analysis was limited to genes which had
only one transcript annotated in Ensembl 66. Genes with only one intron, those
shorter than 300 bp and those that overlap with other genes in either strand were
also discarded. Altogether, such filtering led to a final set of 2,366 genes (i.e. tran-
scripts) that could be considered in the analysis. Following the identification of
the first and last introns of each transcript in the study set, a co-transcriptional
splicing ratio was calculated using the formula detailed in Figure 4.9a.
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The impact of splicing at the
protein level
While mRNAs contain the necessary information for the synthesis of proteins,
their mere existence does not ensure the production of functional protein
products. Hence, many studies have focused on establishing links between the
transcriptome and the proteome, with most of the emphasis placed at the gene
level (e.g. Fu et al. [2009]). In the present chapter, I investigate the possibility
of recapitulating differential splicing events at the protein level, by referring to
proteomics data for the same control and PRPF8 knock-down samples as studied
in Chapter 4. As a first step, I assess the feasibility of such integration by focusing
on the most extreme changes in splicing. I then proceed to evaluate the correlation
between the fold-change estimates obtained from the RNA-seq and proteomics
experiments, whilst expanding the analysis to a larger set of genes. Finally, I
investigate whether such correlation can be improved by incorporating extra
information on transcript relative abundances from the RNA-seq experiment,
and I explore the extent to which differences in gene expression levels could be
influencing the obtained results.
The findings described here constitute the first results from an ongoing collab-
orative project. All the computational analyses have been performed by myself,
under the supervision of Dr. John Marioni from EMBL-EBI. All the experimental
work has been carried out by Dr. Vi Wickramasinghe from the Hutchison Re-
search Institute, and the proteomics data has been generated and analysed by Dr.
Yansheng Liu from ETH Zürich.
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Publications derived from this chapter
• This is an ongoing project.
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5.1 Introduction
Establishing a correlation between the transcriptome and the proteome is not
straightforward, with initial genome-wide estimates of ⇠40% correlation obtained
from the quantification of gene expression levels with microarrays [Maier et al.,
2009; de Sousa Abreu et al., 2009]. Following the introduction of RNA-seq, this
technology was proven to correlate better with protein levels [Fu et al., 2009],
leading to higher estimates of 56-64% correlation (Li et al. [2014]; Lundberg et al.
[2010]; Nagaraj et al. [2011]). Nonetheless, these findings still imply that 40% of
the variation in protein abundance cannot be attributed to mRNA expression,
and both biological processes (i.e. post-transcriptional regulation, translational
efficiency, mRNA and protein turnover...) and limitations inherent to the tech-
nologies used have been proposed as an explanation for such observation [Haider
and Pal, 2013; Lundberg et al., 2010].
On the other hand, when taking into account the diversity of the transcriptome in
terms of alternatively spliced transcripts, the reconciliation of mRNA and protein
levels becomes even more difficult. There have been several efforts to detect
proteins derived from alternatively spliced transcripts, which rely primarily on
the detection of peptides that uniquely support annotated isoforms (e.g. Blakeley
et al. [2010]; Ezkurdia et al. [2012]; Leoni et al. [2011]) or novel exon-exon
junctions (e.g. Xing et al. [2011]; Zhou et al. [2010]). Further approaches are
based on the incorporation of expression data, including evidence from RNA-seq
experiments, to prioritise the set of junctions to consider when interpreting the
proteomics datasets and hence reduce mapping noise [Gloria et al., 2012; Ning
and Nesvizhskii, 2010; Sheynkman et al., 2013; Tanner et al., 2007]. However, in
spite of these attempts, understanding the prevalence of alternative splicing at
the protein level in a genome-wide scale still remains a challenge. Similarly, it
is not easy to predict the extent to which the detected differences in alternative
splicing across two given conditions might ultimately lead to differences in
protein expression levels.
In the present chapter, I describe a collaborative effort aimed at assessing the
impact of differential splicing events at the protein level. This is achieved by
integrating fold-changes obtained by RNA-seq and SWATH-MS, a new proteomics
method that enables the quantification of a large fraction of the proteome with
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high accuracy [Liu et al., 2013]. I introduce here a novel pipeline for the integration
of these two types of data, which relies not only on the information from peptides
that map uniquely to one transcript isoform, but also on that from the ones that
map ubiquitously to several transcripts of the same gene. This is achieved by
using knowledge from the RNA-seq experiment in order to guide the peptide
assignments, and enables to expand the set of usable data. By executing such
pipeline on the PRPF8 knock-down vs. control samples studied in Chapter 4, I
am able to show that a large fraction of the most extreme changes in splicing can
be recapitulated at the protein level (i.e. 9 out of 11 switch events that overlap
with the proteomics dataset are supported by peptide evidence). Moreover, when
expanding such analysis to the larger set of differentially used transcripts, I predict
a 43% correlation between mRNA and protein fold-changes, and I observe that
such correlation increases up to 78% when focusing on differential splicing events
that affect major transcripts. Finally, I show that the estimated correlation remains
stable after discarding differentially expressed genes, which strongly supports the
idea that protein expression levels can be regulated by changes in transcript usage.
5.2 Results
In order to attempt proteomics validation of the splicing changes predicted from
RNA-seq data, our collaborators generated a SWATH-MS dataset that comprises
both PRPF8 knock-down (KD) and control samples (3 biological replicates in each
condition; CAL51 cell lines), thus matching the conditions studied in Chapter 4.
Specifically, in the previous chapter, mapping to the genome enabled the study of
differential splicing events from an exon-centric perspective, as well as the identi-
fication of cases of intron retention. Here such data are re-analysed in a transcript-
centric fashion to facilitate the integration with the proteomics data (see Methods).
The results from such analyses, together with those obtained from the SWATH-MS
dataset, are summarised in Table 5.1.
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RNA-seq
differential transcript usage 668 transcripts (540 genes)
switch events 142 genes
differential gene expression 1,607 genes
SWATH-MS
initial number 16,779 peptides
filter 1: remove peptides that map to >1 genes 14,648 peptides (2,800 genes)
peptides that map to only one transcript 2,964 peptides (856 genes)
filter 2: subset based on fold-change significance 2,901 peptides (1,275 genes)
peptides that map to only one transcript 537 peptides (297 genes)
Table 5.1| Summary of the results obtained from the RNA-seq and SWATH-
MS datasets. Details on the analysis workflow used have been described in the
Methods section.
5.2.1 Extreme changes in splicing can be detected at the protein level
Amongst the genes detected to undergo differential splicing (n = 540 genes with
differential transcript usage, DTU; see Methods), an interesting set are those cases
in which the identity of major transcripts changes across conditions, previously
introduced in this thesis as switch events (SE). Such events constitute the most
extreme and prevalent changes in splicing, and thus constitute a good set to test
whether changes in transcript isoform levels can be recapitulated at the protein
scale. In this context, peptides that map simultaneously to both major transcripts
of a given switch contain ambiguous information, but those that map to either of
the major transcripts provide valuable evidence for the validation of such event
(Figure 5.1).
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INTEGRATION
RNA-seq
differential transcript usage/
switch event
SWATH-MS
peptide 1
overlap
peptide 2
peptide 3
assignment
ambiguouspeptide 3
peptide 2
peptide 1
consider peptides that are unique to each event
Figure 5.1| Integration of the RNA-seq and SWATH-MS data. The RNA-seq
and SWATH-MS data were first analysed separately as detailed in the Meth-
ods section. Integration of the results of such analyses was then performed
by focusing on the set of peptides that map uniquely to the differential splic-
ing events under consideration (i.e. differential transcript usage/switch events;
all events/events that affect major transcripts). Finally, the correlation between
transcript and peptide fold-changes was evaluated. In this plot, protein coding
transcripts are represented by coloured lines, and red boxes correspond to the
aligned peptides.
Following the logic described above, the integration of the results from the RNA-
seq and SWATH-MS datasets revealed a set of 27 switched genes with enough pep-
tide evidence available to attempt validation (see Methods). In this set, 57% of the
detected peptides were consistent with the predicted SE, and a total of 14 events
could be classified as supported by the proteomics data (Table 5.2). Notably, the
validation rate increased drastically when further filtering the peptide data based
on the significance of the calculated fold-changes: in this scenario, ⇠90% of the
peptides with a significant fold-change supported the predicted SE, and 9 out of
11 events could be successfully recapitulated (Table 5.3 and Figure 5.2). For ex-
ample, for TMPO, a protein involved in the structural organisation of the nuclear
envelope, a SE between two protein coding transcripts was strongly supported by
several peptides (Figure 5.2). Similarly, two different peptides that support each of
the transcripts from the switch were identified for HNRNPK, an hnRNP believed
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to play a role in cell cycle progression (Figure 5.2). In both cases, evidence for
alternative protein isoforms had already been reported [Ezkurdia et al., 2012].
gene name
number of peptides is the
that support that do not support switch event
the switch the switch validated?
TMPO 8 0 Y
EPS8L2 5 0 Y
TSTA3 3 0 Y
NUP98 3 1 Y
FXR1 3 2 Y
ACOT9 3 0 Y
HNRNPK 3 1 Y
PFN2 2 1 Y
C9orf5 1 0 Y
XPNPEP1 1 0 Y
HELLS 1 0 Y
HP1BP3 1 0 Y
MOV10 1 0 Y
CPNE1 1 0 Y
NOP56 2 3 N
UQCRC1 0 6 N
AP1B1 0 1 N
CSNK2A1 0 2 N
GOSR2 0 1 N
ABCB6 0 1 N
COMMD4 0 2 N
BRD4 0 1 N
FAM98B 0 3 N
GMPPB 0 2 N
SSNA1 0 1 N
ASRGL1 2 2 A
PDLIM7 1 1 A
total number 41 31of peptides
Table 5.2| Validation of switch events. For each of the 27 genes with usable pep-
tide evidence, the available peptides are classified as either supportive or contrary
to the observed switch event (SE). Specifically, a given peptide is considered to
support the SE if it suggests an increase in the abundance of the protein isoform
expected in PRPF8 KDs, or a decrease in the one expected in controls. Y: yes; N:
no; A: ambiguous.
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gene name
number of peptides is the
that support that do not support switch event
the switch the switch validated?
TMPO 4 0 Y
TSTA3 3 0 Y
EPS8L2 3 0 Y
HNRNPK 2 0 Y
PFN2 1 0 Y
C9orf5 1 0 Y
HELLS 1 0 Y
ACOT9 1 0 Y
MOV10 1 0 Y
AP1B1 0 1 N
CSNK2A1 0 1 N
total number 17 2of peptides
Table 5.3| Validation of switch events when filtering by peptide fold-change
significance. When subsetting peptides based on their fold-change significance,
the vast majority support the trend marked by the RNA-seq data. None of the
genes listed here are detected as differentially expressed, with the exception of
HELLS. Y: yes; N: no; A: ambiguous.
Figure 5.2| Examples of switch events with supporting peptide evidence.
Fold-changes represent changes in expression levels for PRPF8 KD vs. control
samples (yellow: down-regulated in PRPF8 KD; blue: up-regulated in PRPF8
KD). Barplots feature information from the two transcripts involved in the switch
(RNA-seq), as well as from the overlapping peptides (SWATH-MS; Table 5.3). Ta-
bles include further details on the median and the standard deviation of the es-
timates obtained with each technology (FPKMs for RNA-seq, peptide intensities
for SWATH-MS). For each gene, genomic maps for the highlighted transcripts
are depicted in the bottom panels. C: control; KD: PRPF8 KD.
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5.2.2 RNA-seq fold-change estimates correlate with those obtained
from SWATH-MS
Next, I investigated whether the integration strategy introduced in the previous
section can be extended to the general validation of DTU events. More specifically,
I evaluated the impact of the predicted changes in splicing at the protein level
on the basis of the correlation between transcript and peptide fold-changes. In
this context, a positive correlation would indicate that the predicted changes in
splicing contribute to determining the detected fluctuations in protein levels,
whilst a lack of correlation would support the contrary.
Quantitative integration of the fold-changes from the two technologies used in
this chapter can be easily achieved by focusing on the peptides that map to only
one transcript. Given the size of the proteomics dataset analysed here, it was
possible to identify a small number of peptides that map uniquely to transcripts
involved in DTU events (n = 48 peptides from 21 genes), from which a Spear-
man correlation coefficient of 0.41 was obtained when comparing fold-changes
(p-value = 3.67·10 3; Table 5.4). Further focusing on peptides with a significant
fold-change led to a bigger decrease in the amount of available information (n =
15 peptides from 6 genes), which was not enough to obtain a correlation estimate.
Hence, it is evident that even though uniquely mapping peptides constitute a
valuable source of information, they represent only a minority of the cases, and
therefore most of the data are lost when following such integration approach.
Alternatively, I evaluated a novel analysis strategy that enables incorporating in-
formation from the larger set of ubiquitous peptides. Briefly, such strategy re-
lies on the use of the fold-change information from those peptides that overlap
uniquely with each given DTU event (i.e. peptides that support more than one
event are not considered for analysis, similarly to the approach followed in the
previous section for the validation of SE; see Figure 5.1). This is based on the as-
sumption that changes in protein expression levels will be preceded by a change
in transcript expression levels. Implementation of such analysis approach resulted
in a Spearman correlation coefficient of 0.31 when taking into account all the avail-
able peptides (n = 336 from 80 genes; p-value = 9.45·10 9; Table 5.4), and a corre-
lation of 0.43 when focusing on those with a significant fold-change (n = 101 from
40 genes; p-value = 9.04·10 6; Table 5.4).
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5.2.3 The correlation estimates can be improved by incorporating infor-
mation on major transcripts
Given the observation that the correlation estimates improve when filtering out
peptides with non-significant fold-changes, I next evaluated whether similar ef-
fects could be obtained by adopting an analogous approach for the RNA-seq data.
Such strategy consisted on focusing on those DTU events that involve major tran-
scripts, and discarding those that affect lowly abundant ones. Notably, this re-
sulted in an increase of the observed correlation coefficients, with a value of 0.48
when taking into account all the peptides (n = 270 peptides from 54 genes; p-value
< 2.20·10 16; Table 5.4) and 0.78 when focusing on peptides with a significant fold-
change (n = 66 peptides from 27 genes; p-value = 1.47·10 14; Table 5.4).
all DTU events
number number rS p-valueof peptides of genes
peptides that map 48 21 0.41 3.67E-03to only one transcript
all peptides 336 80 0.31 9.45E-09
subset based 101 40 0.43 9.04E-06on fold-change significance
DTU events in major transcripts
number number rS p-valueof peptides of genes
all peptides 270 54 0.48 <2.20E-16
subset based 66 27 0.78 1.47E-14on fold-change significance
Table 5.4| Validation of differential transcript usage events. Peptide fold-
changes (FCs) were correlated with RNA-seq FCs for those transcripts involved
in differential transcript usage events (DTU; see Figure E.1 for the correspond-
ing scatter plots). Two different integration strategies are evaluated here: ei-
ther taking into account all the DTU events (top) or only those that affect major
transcripts (bottom). Incorporating information on major transcripts leads to an
increase in the observed correlation coefficients.
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5.2.4 The detected correlation is not driven by differences in gene ex-
pression levels
The results obtained in the previous sections indicate that there is a correlation be-
tween the fold-changes predicted by RNA-seq and those obtained by SWATH-MS,
thus supporting the hypothesis that the detected changes in protein abundance
could arise from changes in transcript usage. Nonetheless, DTU is not isolated
from differential gene expression, and it is possible that the observed agreement
is primarily driven by overall differences in gene expression levels. In order to
dissect the impact of such events, I repeated the above analyses by focusing on the
DTU events from those genes that are not differentially expressed (n = 457 genes;
see Methods). In general, the results obtained are consistent with those previously
reported, with comparable correlation coefficients (see Table 5.4). Similarly, only
one of the genes predicted to undergo a SE was also detected as differentially ex-
pressed (i.e. HELLS; see Table 5.3). Overall, these results indicate that differences
in gene expression levels are not the main cause behind the observed correlation.
all DTU events (excluding DGE)
number number rS p-valueof peptides of genes
peptides that map 47 20 0.40 5.81E-03to only one transcript
all peptides 283 70 0.37 1.24E-10
subset based 84 35 0.55 6.85E-08on fold-change significance
DTU events in major transcripts (excluding DGE)
number number rS p-valueof peptides of genes
all peptides 245 47 0.48 7.37E-16
subset based 61 24 0.80 1.13E-14on fold-change significance
Table 5.5| Validation of differential transcript usage events after excluding
differentially expressed genes. The analysis strategy followed is analogous to
that described in Table 5.3, and the corresponding scatter plots can be found in
Figure E.2. The observed correlation is not biased by changes in gene expression
levels.
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5.3 Discussion
In the present chapter, I describe a novel analysis approach for the validation of
differential splicing events at the protein level. Importantly, the findings reported
here rely on the use of SWATH-MS, a novel proteomics method that has not yet
been applied to the study of protein isoforms [Gillet et al., 2012]. Specifically, and
unlike targeted proteomics [Domon and Aebersold, 2010], peptide quantification
with SWATH-MS is performed in a data-independent fashion, hence enabling
the detection of a larger number of peptides. Furthermore, this technology also
offers higher reproducibility rates than traditional shotgun methods [Domon and
Aebersold, 2010], as demonstrated by the fact that SWATH-MS results correlate
closely with those obtained from targeted proteomics experiments (i.e. 98%
correlation; Liu et al. [2013]).
Previous attempts to integrate transcriptomics and proteomics information at
the transcript level have focused on the detection of protein isoforms, rather
than in the validation of predicted changes in splicing (e.g. Blakeley et al. [2010];
Ezkurdia et al. [2012]; Leoni et al. [2011]). Such integration has been limited by
the use of uniquely mapping peptides, and further studies have relied on the
existence of a matched RNA-seq dataset to refine the identification of the set of
expressed proteins in a given sample (e.g. Sheynkman et al. [2013]). The approach
introduced in this chapter relies on a similar strategy; however it differs from
the aforementioned studies not only in the main goal of the analysis, but also in
the amount of usable peptide information. By assuming that changes in protein
expression are more likely to arise from those transcripts for which mRNA levels
have already been detected to fluctuate, I show here that it is possible to retain
information from ubiquitous peptides, i.e. those that map to more than one tran-
script within a given gene. Following filtering of instances of differential splicing
predicted from the RNA-seq data based on peptide availability, it was possible
to validate a large proportion of switch events (i.e. 9 out of 11 events), hence
indicating that extreme changes in splicing can be recapitulated at the protein
level. Subsequently, the application of this analysis strategy to the entire set of
differentially used transcripts led to a 43% correlation between the RNA-seq and
SWATH-MS fold-changes. Further prioritisation of peptide assignments based on
information about major transcripts resulted in an improved correlation of 78%,
which exceeds the one reported in previous studies [Li et al., 2014; Lundberg
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et al., 2010; Nagaraj et al., 2011]. Altogether, these findings evidence that the
transcript relative abundances derived from RNA-seq experiments can assist
in the interpretation of proteomics data, and support the idea that differential
splicing events in minor transcripts correspond to subtle changes that do not have
a strong impact on protein levels.
Reasons for the lack of correlation amongst the observed mRNA and protein
levels most likely include the effects of a variety of cellular processes that are not
taken into account in the experiments performed here (e.g. post-transcriptional
regulation, translational efficiency, mRNA and protein turnover...), as well as limi-
tations inherent to the technologies used. Regarding the former, it is possible that
the importance of the previously mentioned processes has been underestimated,
and that transcription has a less decisive role in shaping mRNA expression levels
than expected. However, recent observations by Li et al. [2014] strongly contradict
this scenario, suggesting that mRNA levels could explain ⇠81% of the variance in
protein levels, and indicating that further work is needed to improve the current
understanding of the remaining sources of variation that might affect protein
levels. On the other hand, proteomics studies show that observing a protein is
unlikely unless there are at least a certain number of RNA molecules per cell
[Ramakrishnan et al., 2009]. In this context, it is difficult to distinguish between
transcriptional noise and insufficient sensitivity of the methods used, and it is
expected that further technological advances will result in a higher throughput,
lower detection limits, and better correlation estimates. Finally, protein folding,
localisation and post-translational modifications all have prominent roles in
establishing the function of proteins, which cannot be assessed from their mere
detection. Thus, trying to predict which changes in mRNA levels will eventually
have a functional impact vs. what proportion can be attributed to transcriptional
and splicing noise constitutes a much more complicated question.
Overall, even though the results described here are mostly exploratory, they show
that it is possible to attempt validation of the changes in splicing predicted from
RNA-seq data by relying on information from SWATH-MS experiments. Future
steps of this ongoing project will include the automation of the described analysis
workflow, and the development of a testing approach to expand the validation
of differential splicing beyond switch events. Eventually, all this information will
be used to revisit the biological insights described in Chapter 4, and to further
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understand the consequences of knocking-down PRPF8. In the longer term, the
described strategy can be extended in order to take into consideration not only
the information derived from major transcripts, but that from all the expressed
transcripts in a given sample. This would allow for a more accurate evaluation
of the true extent of alternative splicing at the protein level, and would help in
assessing the coding potential of minor and novel transcripts. However, such
advantages would come at the cost of increasing the complexity of peptide assign-
ment. This could be compensated by having access to larger amounts of data, and
it is expected that future technological advances will allow for an even more high
throughput integration.
5.4 Computational methods
All the computational analyses described in this chapter have been carried out by myself,
unless otherwise indicated in the text. The experimental work has been performed by Dr. Vi
Wickramasinghe and Dr. Yansheng Liu.
Analysis of the RNA-seq data
The RNA-seq dataset used here corresponds to the one analysed in the previous
chapter of the thesis, and includes 3 control samples and 4 PRPF8 KDs (CAL51
cells; see Chapter 4 - Methods and Table A.3). Raw reads were directly mapped
to the transcriptome with Bowtie v0.12.7 [Langmead et al., 2009], using Ensembl
v66 as a reference [Flicek et al., 2012]. Following the estimation of transcript
expression levels with MMSEQ v1.0.7 [Turro et al., 2011], its companion tool
MMDIFF [Turro et al., 2014] was used to identify both differentially expressed
genes (n = 1,607 genes; Table 5.1) and differentially used transcripts (n = 668
transcripts from 540 genes; Table 5.1). A posterior probability of 0.9 was used
as the significance threshold in both analyses. Switch events within the set of
genes identified to undergo differential transcript usage were identified with
SwitchSeq (Gonzàlez-Porta and Brazma [2014]; n = 150 genes). Switch events that
involved major transcripts with identical protein sequences were removed from
the analyses (n = 8; final set of switched genes = 142; Table 5.1).
RNA-seq fold-changes were calculated from the transcript-level expression esti-
mates. For each transcript, the fold-change represents the median transcript ex-
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pression in PRPF8 KD vs. control samples.
Analysis of the SWATH-MS data
Protein expression levels were assessed with SWATH-MS [Liu et al., 2013] for
a set of 3 control and 3 PRPF8 KD samples. An initial set of 16,779 peptides
were detected and mapped against all the protein coding transcripts annotated
in Ensembl v66, including those with a nonsense-mediated decay biotype.
Removal of peptides that mapped to more than one gene led to a set of 14,648
peptides (corresponding to 2,800 genes), which was used for downstream analysis
(Table 5.1).
Raw peptide intensities were first quantile-normalised in order to enable compar-
ison across samples. For each peptide, the observed intensities across the bio-
logical replicates in each condition were summarised by using the median, and a
fold-change was obtained by dividing the value obtained for PRPF8 KD vs. control
samples. Fold-change significance was assessed with a t-test, and a p-value of 0.1
was used as the significance threshold.
Integration of RNA-seq and SWATH-MS fold-change estimates
The fold-changes derived from these two technologies were integrated as de-
scribed in Figure 5.1. Spearman correlation was used to evaluate the relationship
between transcript and peptide fold-changes, as suggested by Maier et al. [2009].
Information on gene functions was retrieved from Genecards [Safran et al., 2010],
unless otherwise indicated in the text.
130
Chapter 6
Conclusions
Splicing is only one of the many processes that shape the final set of RNA
molecules present in eukaryote cells; nonetheless, it emerges as the most promi-
nent mechanism for message diversification. Recently, the introduction of RNA
sequencing has facilitated the study of this mechanism, and has allowed for a thor-
ough characterisation of transcriptome composition. In this thesis, I have focused
on the application of this technology to the study of human transcript diversity, as
well as its potential impact on the protein repertoire.
Most protein coding genes express one dominant transcript
in a given condition
High throughput sequencing technologies have contributed significantly to the
efforts for the identification and annotation of expressed loci within the human
genome, as illustrated by the ENCODE and GENCODE projects, respectively [EN-
CODE Project Consortium et al., 2012; Harrow et al., 2012]. These have resulted
in high quality annotations, characterised by the existence of a diversity of gene
types and transcript isoforms. However, despite these efforts, the contribution of
each of the annotated transcripts to the overall transcriptome diversity in a given
sample had remained largely uncharacterised. The findings derived from Chapter
2 provide a first answer to this question, by showing that gene expression tends
to be dominated by one transcript in a given condition. In the future, evaluation
of major transcript expression patterns across conditions and species will not only
allow for the characterisation of splicing programs, but might also contribute to
improving the existing annotation. For example, information about recurrent ma-
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jor and minor transcripts could be displayed along with transcript structures in
order to inform about the prevalence of the annotated features, and major tran-
script dominance could be used to identify sets of genes that are prone to express
several transcripts simultaneously. Furthermore, assessing the impact of unnan-
otated features will be of particular interest: even though novel transcripts have
been reported to be expressed at lower levels (e.g. Djebali et al. [2012]), they might
still represent the most abundant transcript in a specific set of genes. Eventually, a
bigger challenge will be to understand the effect of major and minor transcripts at
the protein level, and to evaluate possible functional differences among alternative
transcripts. Integrative analysis of RNA-seq and proteomics data, together with a
better understanding of the structural and evolutionary properties that might dif-
ferentiate a given set of transcripts, will be essential towards accomplishing these
goals.
Alterations in splicing are widespread in kidney cancer, even
though extreme changes are rare
The applications of RNA sequencing go far beyond the improvement of the ex-
isting annotation. In a clinical context, such technology opens the door for an
unprecedented characterisation of the changes in transcriptome composition that
might govern a specific disease, offering new possibilities for biomarker discov-
ery and drug design [Costa et al., 2013]. For example, the findings reported in
Chapter 3 show that the splicing process is broadly altered in ccRCC; however,
analysis of major transcript expression patterns evidences the subtlety of most of
the detected alterations. In the future, it will be interesting to investigate whether
similar results are observed for other cancer types. Specifically, identification of
sets of genes that commonly undergo extreme changes in splicing without being
differentially expressed is likely to result in novel findings, since these effects have
been largely ignored in the past. Consistency in the detected switch events across
tumour types could provide extra evidence for a functional role of the involved
transcripts, whilst high variability in major transcripts would be supportive of a
general dysregulation of splicing programs. Lastly, given enough sample size,
exploration of the relationship between switch events and mutation status at the
patient level might provide evidence for the existence of cis-regulated events, and
correlation of alterations in splicing with clinical variables might prove useful for
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biomarker discovery and tumour stratification.
PRPF8 abundance dictates the patterns of alternative and
constitutive mRNA splicing
The impact of alternative transcript products in disease can be further understood
by gaining a deeper understanding of the role of the many proteins involved in
the splicing reaction. In Chapter 4, I show that fluctuations in the concentration
of PRPF8 can result in alterations of the rate of splicing, which in turn can cause
changes in splice site choice and lead to alternative splicing events. Even though
the chain of events investigated in this chapter corresponds to a somehow artificial
scenario, changes in the concentration and function of spliceosomal components
are known to occur in development and cell cycle progression [Lane et al., 2013;
Park et al., 2004], and have also been reported across tissues and in disease con-
texts [Grosso et al., 2008; Matera and Wang, 2014]. PRPF8 mutations are found in
autosomal dominant retinitis pigmentosa [Tanackovic et al., 2011], and it remains
to be seen whether those also affect the kinetic competition equilibrium between
weak and strong splice sites, just as observed when this gene is downregulated.
Ultimately, knowledge on the mechanistic basis of the splicing reaction is essen-
tial to predict the effects of perturbations of the system, an exercise regarded as
deciphering the splicing code [Barash et al., 2010].
Extreme changes in splicing can be detected at the protein
level
Proteins derived from alternative splicing products have been detected in a vari-
ety of studies and contexts (e.g. Ezkurdia et al. [2012]; Leoni et al. [2011]). The
main challenge in these analyses has been the limited number of peptides that
can be used to uniquely identify relevant proteins, and past studies have relied
on the use of RNA-seq datasets to create sample-specific databases that would
optimise peptide assignment (e.g. Sheynkman et al. [2013]). In Chapter 5, I eval-
uated a similar approach with the goal of validating differential splicing events
across two conditions of the same experiment. The findings derived from the
first exploratory analyses indicate that it is possible to retain information from
ubiquitously mapping peptides, by incorporating previous knowledge on major
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transcripts. Moreover, they suggest that the changes in splicing detected at the
transcriptomic level are likely to have an effect in the protein repertoire. In the
future, expanding the analysis workflow to consider the abundances of all the ex-
pressed transcripts in a given sample would allow for the inspection of the coding
potential of minor transcripts and unnanotated isoforms. Altogether, the knowl-
edge derived from such integrative analyses will ultimately help in understanding
the impact of alternative splicing at the protein level.
Concluding remarks
Previous to the establishment of RNA sequencing, microarrays constituted the
only option for the genome-wide analysis of expression levels. Despite not
being initially intended for the study of alternative transcripts, adequate probe
design strategies allowed for the detection of alternative splicing events [Lee and
Roy, 2004]. However, compared to sequencing, such an approach offers more
limited throughput and a lower dynamic range in terms of expression levels of
the targeted molecules [Zhao et al., 2014]. On the other hand, there are also
challenges linked to the use of RNA sequencing for the characterisation of the
transcriptome, the main ones associated with the short read length [Hooper,
2014]. In this context, transcript reconstruction remains a difficult, yet not
impossible task. While exon-centric analysis approaches have been devised in
order to circumvent the existing limitations, further technological developments
will be crucial to overcome them. Indeed, during the timespan of this PhD,
significant advances have already been achieved in terms of read length, evolving
from 50 nucleotides a few years ago to more than 150 bases nowadays. The past
years have also seen the rise of Pacific Biosciences and nanopore sequencing as
alternatives to Illumina platforms for the study of full-length transcripts [Sharon
et al., 2013]. Hence, it is a matter of time for transcript-level analyses to become
central to any transcriptomics workflow.
Overall, RNA sequencing is only one of the many applications of high throughput
sequencing. Novel techniques such as single cell sequencing are being established,
and the routine application of this technology in the clinical sector is becoming
closer to a reality. Furthermore, the rapid decrease in the costs of sequencing,
together with the continuous increase in the amount of data obtained from each
run, will contribute even further to the democratisation of sequencing [Shendure
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and Ji, 2008]. Altogether, these facts evidence that the era of data production
is just at its beginning, and that high throughput sequencing will continue to
revolutionise many fields of basic and applied research.
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Figure B.1| Transcript relative abundances across all the studied datasets.
(a) Relative abundance of the subset of transcripts in each position of the ranking for all
datasets, including different expression thresholds. Only genes with more than one
annotated transcript are represented here.
(b) Relative abundance of the subset of transcripts in each position of the ranking for the
BM dataset, separating genes by the number of annotated transcripts. The expression
threshold used here is 1 FPKM.
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Figure B.2| Major transcript dominance across all the studied datasets. Major
transcript dominance is measured by the ratio of expression between the major
transcript and the second most abundant one.
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term padj
protein transport 6.85E-08
Transcription 1.46E-06
transcription regulation 7.27E-06
establishment of protein localization 1.73E-05
protein transport 2.19E-05
small GTPase mediated signal transduction 2.65E-05
respiratory chain 8.53E-05
transcription 2.34E-04
ubl conjugation pathway 2.50E-04
oxidative phosphorylation 4.36E-04
cellular macromolecule catabolic process 9.00E-04
macromolecule catabolic process 1.21E-03
electron transport 2.51E-03
mitochondrial ATP synthesis coupled electron transport 2.96E-03
regulation of transcription 3.11E-03
GTPase activity 3.36E-03
respiratory chain 3.44E-03
intracellular transport 6.93E-03
Oxidative phosphorylation 2.34E-02
Table B.1| GO enrichment analysis for recurrent 5-fold dominant genes.
term padj
regulation of translational initiation 2.23E-03
mrna processing 3.83E-03
translation initiation factor activity 4.25E-03
mrna splicing 6.20E-03
RNA splicing 6.63E-03
RNA binding 7.65E-03
posttranscriptional regulation of gene expression 1.83E-02
translation regulation 2.28E-02
regulation of translation 2.31E-02
mRNA processing 2.51E-02
mRNA metabolic process 2.95E-02
RNA processing 3.39E-02
spliceosome 3.50E-02
Table B.2| GO enrichment analysis for genes that tolerate splicing.
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transcript position in the ranking
1 2 3 4 5 >5
ENCODE CELL
1 FPKM 71.36 14.06 5.62 2.91 1.74 4.31
5 FPKM 75.29 12.57 4.86 2.45 1.43 3.40
10 FPKM 80.14 10.52 3.90 1.91 1.08 2.45
ENCODE CYTOSOL
1 FPKM 81.05 10.54 3.40 1.63 0.95 2.44
5 FPKM 83.88 9.39 2.86 1.32 0.74 1.81
10 FPKM 86.77 8.04 2.30 1.02 0.55 1.31
ENCODE NUCLEUS
1 FPKM 63.49 16.20 7.53 4.15 2.54 6.09
5 FPKM 66.79 14.96 6.87 3.74 2.27 5.36
10 FPKM 71.71 12.97 5.89 3.17 1.90 4.36
Table B.3| mRNA pool estimates for the cell line dataset.
expressed genes genes with a dominant major transcript2-fold dominance 5-fold dominance
ENCODE CELL
1 FPKM 9770 6550 66.83 4061 41.29
5 FPKM 4952 3475 71.51 2334 49.01
10 FPKM 2787 2029 74.67 1449 54.73
ENCODE CYTOSOL
1 FPKM 9281 6139 66.29 3619 39.16
5 FPKM 5076 3590 71.31 2352 47.09
10 FPKM 3041 2259 74.81 1601 53.39
ENCODE NUCLEUS
1 FPKM 9923 5936 60.32 3182 32.62
5 FPKM 5796 3620 63.70 2085 37.53
10 FPKM 3516 2268 65.85 1391 41.34
Table B.4| Number of dominant transcripts in the cell line dataset.
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term padj
ribosomal protein 1.48E-04
protein biosynthesis 1.87E-04
ribosomal subunit 3.07E-04
structural constituent of ribosome 3.20E-04
ribosome 3.23E-04
translation 1.99E-03
ribosome 3.23E-03
small ribosomal subunit 2.03E-02
transit peptide 3.18E-02
mRNA transport 3.68E-02
Table B.5| GO enrichment analysis for genes with a major retained intron
both in the nucleus and the cytosol.
Gene id Transcript id HGNC symbol Reannotated biotype
ENSG00000029364 ENST00000031146 SLC39A9 protein coding
ENSG00000090054 ENST00000486910 SPTLC1 removed (artefact)
ENSG00000097033 ENST00000370558 SH3GLB1 removed (merged)
ENSG00000101150 ENST00000474176 TPD52L2 retained intron
ENSG00000103549 ENST00000562110 RNF40 protein coding (NMD)
ENSG00000112159 ENST00000487831 MDN1 protein coding (NMD)
ENSG00000114999 ENST00000460450 TTL processed transcript
ENSG00000116288 ENST00000469225 PARK7 protein coding
ENSG00000122696 ENST00000496760 SLC25A51 lncRNA
ENSG00000130703 ENST00000471817 OSBPL2 retained intron
ENSG00000136908 ENST00000495270 DPM2 retained intron
ENSG00000136935 ENST00000475407 GOLGA1 protein coding (NMD)
ENSG00000143149 ENST00000463610 ALDH9A1 processed transcript
ENSG00000148396 ENST00000467838 SEC16A retained intron
ENSG00000149823 ENST00000527646 VPS51 procesed transcript
ENSG00000156502 ENST00000497254 SUPV3L1 retained intron
ENSG00000162775 ENST00000487146 RBM15 protein coding
ENSG00000166582 ENST00000472570 CENPV retained intron
ENSG00000173812 ENST00000310837 EIF1 possible protein coding
ENSG00000185305 ENST00000502271 ARL15 possible protein coding
ENSG00000198917 ENST00000467582 C9orf114 protein coding
ENSG00000213995 ENST00000470164 CARKD protein coding or NMD
Table B.6| Re-annotation of major processed transcripts.
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+... ......
gene_id transcript_id sample1 sample2 ...
expression levels
(TPMs, RPKMs/FPKMs, etc.)
annotation
switchseq -t get_data
INPUT
OUTPUT
switchseq -t get_switch
SwitchSeq + tviz
self-contained html (+ txt, json)
high resolution plots
Figure C.1| SwitchSeq analysis workflow. Further information on installation
and execution instructions can be found on the project website (https://github.
com/mgonzalezporta/SwitchSeq).
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LAMC1
LAMA5
TNC
THBS2
COL4A2
GNGT2
IL3RA
JAK3
GNB4
YWHAH
COL3A1
CREB5
THBS3
GNG11
CSF3R
NR4A1
COL4A3
FGFR3
RBL2
LPAR2
CSF1
GNB5
PRLR
NGFR
AKT2
IFNAR2
PIK3R3
IL7R
COL6A2
GNB1
PPP2R5B
COL1A1
PRKCZ
IL4R
ITGB7
KDR
ANGPT2
EIF4EBP1
TLR2
CDKN1A
ITGA4
FGFR2
MET
IL2RG
COL5A2
COL1A2
TSC1
CCND2
FLT1
SGK2
NGF
YWHAZ
EGF
MTCP1
G6PC
CSF1R
SGK3
CCND3
PCK1
COL4A1
FN1
OSMR
PDGFD
ITGA5
MLST8
MYC
SYK
EGFR
FGF11
PCK2
VWF
LAMA4
CCND1
PGF
DDIT4
FGF1
PTK2
VEGFA(b)
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IRS1
FGFR4
GYS1
AKT3
YWHAE
COL4A5
BCL2L11
ITGB3
MDM2
ITGA7
SPP1
ITGAV
THBS4
IL6
PDGFB
COL27A1
ITGA9
MAP2K2
GHR
IL2RA
FGF7
ITGB8
PKN1
INSR
GNG7
F2R
KIT
ITGB1
PTEN
THBS1
LAMC3
IL2RB
ITGA3
LAMC2
ITGA1
ITGA11
KITLG
COL5A1
MAPK1
COL4A4
FLT4
PIK3R1
EFNA3
LPAR6
PIK3AP1
PDGFRA
GNG2
NOS3
PIK3R5
COL5A3
GNB2
MAPK3
TEK
ATF2
EFNA1
MTOR
HGF
PDGFA
LAMA1
LAMB3
LAMB1
PIK3CD
EFNA5
CREB3L3
PDGFRB
ITGB6
EPHA2
SOS1
PKN3
IL7
ITGB4
RPS6KB2
TLR4
COL6A3
FGF2
EIF4E
VEGFC
BCL2
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GNG12
FGF9
CCNE1
PPP2R2B
BRCA1
CHUK
CREB1
CREB3L2
PRKAA1
FGFR1
CDK4
BAD
TSC2
CDK2
KRAS
TNXB
BCL2L1
YWHAQ
NFKB1
PPP2CB
GRB2
YWHAG
HSP90AB1
NRAS
CDKN1B
EFNA4
FGF13
FASLG
GNG4
PDPK1
MAP2K1
IFNAR1
CHAD
PPP2R5A
FIGF
ITGA2
VEGFB
AKT1
LAMA2
CREB3L4
PHLPP1
PKN2
CREB3
LPAR1
FGF12
CDK6
RPTOR
PRKAA2
HSP90AA1
FOXO3
PPP2R3A
COL11A1
TP53
IGF1
LPAR5
JAK1
OSM
GNG10
EPO
IL6R
LAMA3
PPP2R2A
ANGPT1
JAK2
RXRA
IGF1R
CREB3L1
ITGB5
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Figure C.2| Summary of detected alterations in the PI(3)K-AKT-MTOR sig-
nalling pathway.
(a) The PI(3)K-AKT-MTOR signalling pathway. Genes which have been identified
as altered in any of the three considered analyses (i.e. switch events, gene expres-
sion changes and confirmed somatic mutations) have been highlighted in red.
(b) Patient-specific landscape of alterations for genes in the PI(3)K-AKT-MTOR sig-
nalling pathway. Each gene is represented by three tracks as described in Fig-
ure 3.7, and only those previously highlighted in a have been included. Genes
have been sorted based on the total number of alterations of any kind.
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THBS1
LAMC3
TLN2
ITGA3
LAMC2
ITGA1
ITGA11
COL5A1
MAPK1
ZYX
COL4A4
FLT4
PIK3R1
PDGFRA
PIK3R5
COL5A3
MAPK3
HGF
PDGFA
LAMA1
LAMB3
LAMB1
PIK3CD
PDGFRB
SHC2
MAPK8
ITGB6
SOS1
ITGB4
PPP1R12B
COL6A3
VEGFC
BCL2
LAMC1
LAMA5
TNC
PARVG
THBS2
COL4A2
PAK1
RAC3
COL3A1
FLNB
THBS3
SHC1
FLNA
BRAF
RAPGEF1
COL4A3
ACTN1
AKT2
PIK3R3
COL6A2
MYL5
COL1A1
ITGB7
KDR
MAPK10
MAPK9
ITGA4
CAPN2
SRC
MET
COL5A2
COL1A2
ACTN4
CCND2
FLT1
EGF
DIAPH1
PPP1R12A
CCND3
RAC2
COL4A1
VAV1
FN1
PDGFD
ITGA5
BIRC3
EGFR
BCAR1
VWF
CAV2
LAMA4
CCND1
PGF
FYN
CAV1
PTK2
VEGFA(b)
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DOCK1
PPP1CC
MYL12A
PPP1CA
ARHGAP5
MYL9
CTNNB1
PXN
BAD
TNXB
PAK2
ILK
GRB2
ACTG1
PDPK1
PPP1CB
MAP2K1
CHAD
CDC42
ROCK1
FIGF
ARHGAP35
ITGA2
VEGFB
AKT1
LAMA2
VASP
VAV2
MYLK
PRKCB
ACTB
COL11A1
IGF1
LAMA3
FLNC
MYLK4
IGF1R
ITGB5
VAV3
AKT3
TLN1
COL4A5
ITGB3
PIP5K1C
PARVB
ITGA7
SPP1
ITGAV
THBS4
JUN
PDGFB
COL27A1
ERBB2
ITGA9
ITGB8
ITGB1
PTEN
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Figure C.3| Summary of detected alterations in the focal adhesion pathway.
(a) The focal adhesion pathway. Genes which have been identified as altered in any
of the three considered analyses (i.e. switch events, gene expression changes and
confirmed somatic mutations) have been highlighted in red.
(b) Patient-specific landscape of alterations for genes in the focal adhesion pathway. Each
gene is represented by three tracks as described in Figure 3.7, and only those
previously highlighted in a have been included. Genes have been sorted based
on the total number of alterations of any kind.
pathway padj
Metabolic pathways 2.25E-127
Pathways in cancer 2.16E-049
Cell cycle 1.79E-034
MAPK signaling pathway 1.91E-028
Ubiquitin mediated proteolysis 1.32E-027
Regulation of actin cytoskeleton 5.06E-027
RNA transport 1.13E-026
Spliceosome 3.87E-026
Wnt signaling pathway 2.97E-023
Renal cell carcinoma 1.72E-019
Apoptosis 2.27E-019
Focal adhesion 4.78E-018
Adherens junction 2.29E-017
ErbB signaling pathway 7.36E-017
TGF-beta signaling pathway 3.40E-016
p53 signaling pathway 1.17E-015
mRNA surveillance pathway 1.84E-013
Table C.1| Pathway enrichment analysis for differentially spliced genes in cell
lines vs. tumour samples.
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IB: PRPF8
IB:  Actin
C KDkDa
250
   50
(b)(a)
Figure D.1| Validation of PRPF8 down-regulation. Cal51 cells were treated
with either PRPF8 siRNAs (PRPF8 knock-down; KD), or all-stars siRNAs (con-
trol; C).
(a) qRT-PCR results. PRPF8 expression levels were efficiently down-regulated (p-
value < 0.001).
(b) Western blot validation. The knock-down can also be recapitulated at the pro-
tein level.
Figure provided by Dr. Vi Wickramasinghe.
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COMPLEX A COMPLEX B
*
*
* * *
*
*
COMPLEX B COMPLEX C
*
*
*
Figure D.2| Cell cycle analysis following knock-down of splicing factors from
several spliceosomal complexes. Compared to other components of the A and
C-complexes of the spliceosome, knock-down (KD) of those from complex B gen-
erally results in the accumulation of cells in mitosis. More specifically, KD of
PRPF8 has the biggest effects on the measured phenotype. Complex A: not sig-
nificant (n.s.) except for U2AF2 p < 0.05. Complex B: PRPF8 p < 0.001; BRR2,
EFTUD2 p < 0.01; PRPF31 n.s.; PRPF38A p<0.05; PRPF4 n.s.; CDC5L p<0.01;
PRPF19 p<0.05; CDC40 n.s. Complex C: n.s.
Figure provided by Dr. Vi Wickramasinghe.
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Figure D.3| Results from Sm iCLIP experiments for the 3’ splice site. Plots to
be interpreted as in Figure 4.3.
(a) RNA maps for control and PRPF8 KD samples.
(b) Changes in the distribution of normalised cDNA counts between control and PRPF8
KD samples.
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control
normalised intron expression
PRPF8
KD
fk
fl
Figure D.4| Differences in intron expression between first and last introns.
Intron counts were normalised to take into account intron length and both counts
and length of adjacent internal exons (see Chapter 4 - Methods). In general, last
introns ( fl) have higher expression levels than the ones located towards the 5’
end of the same transcript ( fk).
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Figure E.1| RNA-seq and SWATH-MS fold-change estimates for the differen-
tially used transcripts with peptide evidence.
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Figure E.2| RNA-seq and SWATH-MS fold-change estimates for the differ-
entially used transcripts with peptide evidence after excluding differentially
expressed genes.
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